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There is disclosed methods, systems and computer program 
products for purging stored data in a repository. Users attach 
relative importance to all data samples across all timeseries in 
a repository. The importance attached to a data sample is the 

ANNAPOLIS, MD 21401 utility value of the data sample. An algorithm uses the utility 
of data samples and allocates the storage space of the reposi 

(21) Appl. No.: 11/562,541 tory in such a way that the total loss of information due to 
purging is minimized while preserving samples with a high 

(22) Filed: Nov. 22, 2006 utility value. 
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PURGING OF STORED TIMESERIES DATA 

FIELD OF THE INVENTION 

0001. The present invention relates to purging of stored 
timeseries data. 

BACKGROUND 

0002. In enterprises with a large IT infrastructure, moni 
toring of infrastructure elements (servers, applications, net 
work elements and so on) is necessary to ensure that an 
infrastructure problem is detected as quickly as possible. 
Some examples of monitored entities include the latency of a 
process, the availability of a server and the throughput of an 
application. The data resulting from the monitoring activity 
typically is stored in a repository and can be used for mea 
Suring service level agreements (SLA) compliance, such as 
measuring average SLA performance, problem determina 
tion, capacity planning etc for business intelligence (BI) pro 
CCSSCS. 

0003. The monitoring data is in the form of a set of 
timeseries, with one timeseries for each independently iden 
tifiable measurement (e.g., response time measurement of a 
component is one timeseries and throughput measurement at 
the same component is another timeseries, even though they 
may be related in some manner.) A timeseries records either 
uniformly sampled real valued measurements (hereinafter 
called a measurement timeseries), or a non-uniform Boolean 
signal denoting either normal or problem state of a monitored 
entity which is called an event timeseries. The event 
timeseries may be generated by applying conditions (such as 
a threshold comparison) on a measurement timeseries or by 
the data sensors themselves. 
0004 Monitoring data usually is stored in a data reposi 

tory. The size of the monitoring data within the repository 
increases with continuous addition of Samples to these 
timeseries, leading to increasing storage hardware cost and 
more importantly data management cost. Data repositories 
also usually have a maximum capacity that places an absolute 
limit on the number of monitoring data samples that can be 
stored. Entries in the monitoring data repository thus need to 
be purged periodically to reduce these costs. The prevalent 
approach to managing the size of the repository is time-based 
purging, i.e., data originating prior to a threshold date are 
deleted. Notwithstanding low computational overhead and 
ease of implementation, time-based purging leads to a sig 
nificant and abrupt loss of BI. 
0005 To illustrate the abrupt loss of BI, consider an 
example where the failure of a process not only generates an 
non-availability of process event, but also causes cascaded 
non-availability events at application and business-function 
levels. The throughput and the queue length data associated 
with the process also capture the adverse impact of the pro 
cess failure. All of these events typically occur within a short 
period of time. Time-based purging will simultaneously tar 
get all these events as candidates for purging and the knowl 
edge of the occurrence of the episode will be lost. A time 
based purging mechanism, Such as taught in U.S. Pat. No. 
6,915.314 (Jackson et al, assigned to Adtech-Geci, LLC) 
issued on Jul. 5, 2005, will ignore all these inherent relation 
ships in the recorded data samples. It will delete all the 
samples before a certain threshold time, compromising the 
richness of any Subsequent audits or analysis. 
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0006 Another approach is taught in US Patent Publication 
No. 20020065974 (Thomson, Chad) published on May 30, 
2002. Thomson's technique provides a mapping table that 
indicates different rules for purging and/or archiving different 
database tables. Each rule is associated with a different data 
base table. The rules are applied to purge and/or archive data 
from the different database tables. 

0007. Therefore, it is an object of the invention to allevi 
ated one or more of the above mentioned disadvantages. 

SUMMARY 

0008. This invention, in broad terms, implements a purg 
ing algorithm in which: 

0009 1. Users (i.e., humans or computer programs) can 
attach relative importance to all timeseries data samples 
across all timeseries in a repository. The importance 
attached to a data sample is referred to as the utility 
value of the data sample. 

0.010 2. The algorithm uses the utility of data samples 
and allocates the storage space of the repository in Such 
away that the total loss of information due to purging is 
minimized while preserving samples with a high utility 
value. 

0011 Example embodiments are based upon relationships 
between timeseries, regions of interest and the age of the data 
samples. One or more of these mechanisms could be used 
simultaneously. 
0012. A mechanism is provided to minimize the informa 
tion loss while purging the data samples using the utility 
values attached to the data samples. Information loss is esti 
mated form the actual values of the timeseries data samples. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0013 Aspects of the present invention will now be 
described, by way of example only, with reference to the 
accompanying drawings, in which: 
0014 FIG. 1 is a schematic flow diagram of the broad 
method embodying the invention. 
0015 FIG. 2 is a schematic block diagram representation 
of a purging system according to an embodiment of the inven 
tion. 

0016 FIG. 3 is a diagram showing how the algorithm 
attaches utility to a data samples. 
0017 FIGS. 4A, 4B and 4C are results graphs showing the 
performance of the model based purging algorithm compared 
with time based purging for MSE as the information loss 
CaSU. 

0018 FIG. 5 shows a computer hardware embodiment 
upon which the invention can be implemented. 

DETAILED DESCRIPTION 

0019. Where reference is made in any one or more of the 
accompanying drawings to steps and/or features, which have 
the same reference numerals, those steps and/or features have 
for the purposes of this description the same function(s) or 
operation(s), unless the contrary intention appears. 
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0020. The expression “purging” is to be understood as 
synonymous with “delete' and “remove', and other equiva 
lent expressions that would be apparent to a person skilled in 
the art. 

Overview 

0021. The flowchart of FIG. 1 shows a purging method 10 
broadly embodying the invention. 
0022. The purging method is a two step process. In the first 
step 16, utility values are attached to all data samples in a 
repository 22. Models are used to attach utility values. The 
models are stored in a meta-data repository 14. These models 
capture relative importance between data samples belonging 
to different timeseries and the relative importance of data 
samples within the same timeseries. Three model embodi 
ments are: 

0023, 1) Relationships between timeseries: there exist 
many type of relationships, correlation between timeseries, 
i.e., one timeseries is affected by another timeseries, root 
cause effect, i.e., events in a timeseries are caused due to 
events in another timeseries, derived timeseries, e.g., an event 
timeseries is derived from a measurement timeseries by 
thresholding the latter. Another relationship could be struc 
tural, an IT component that is being monitored could be part 
of an application which itself could be part of a business. A 
timeseries that is measure at the IT component level would be 
related to timeseries at the business level. The BI derived from 
a set of related timeseries would obviously depend upon the 
relationships in the set. 
0024. 2) Regions of interest in a timeseries: some data 
samples in a timeseries may be in the temporal neighborhood 
of an actual alert or event condition in the system. These 
neighbouring values would be highly correlated with the 
event; hence would provide important BI with respect to 
eventfalert conditions. 
0025, 3) Age of data samples in a times series: data 
samples in a timeseries that are older may not provide as 
much BI as data that is current. 
0026. In the second step 17, the utility values generated by 
step 16 are used to purge data samples so that the space 
constraint is met, such that the purging of the data samples 
leads to minimum loss in information, while ensuring that 
samples with high utility are preserved. Information in data 
samples is estimated using information theoretic methods 
from the sample values. Thus, while utility captures the 
users interest in a data sample, the information loss metric 
captures the data characteristics, e.g. its magnitude, its devia 
tion from mean value, etc. The information loss metric will be 
provided by the user and has to be related to the nature of BI 
that the user wants from the repository 22. Thus, minimizing 
information loss implies that the BI is meaningful. 
0027 Traditional purging systems operate only by using 
data level queries. The user of these systems needs to frame a 
data level query to delete samples in the repository. However, 
in the present purging algorithm 20, the user can provide 
higher level policies 12 as inputs and these are translated by 
the above two steps 16, 17 into actual data level deletion 
queries 18 on the repository data 22. 
0028. A pseudo-code representation of the purging algo 
rithm is: 

0029. 1. For each timeseries 
0030 a. For each data sample in timeseries 
0031 b. Attacha utility (either explicitly or indirectly 
through the model specification) numerical value to 
the data sample 
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0032. 2. Allocate a space constraint: number of samples 
to be purged in the repository 

0033 
0034. 4. For all the samples in the repository estimate 
the information loss in purging sample 

0035. 5. Find the samples that have the lowest informa 
tion loss and the lowest utility value attached. Purge 
these samples Such that the repository capacity is not 
exceeded. 

3. Define an information loss metric 

System Embodiment 

0036 FIG. 2 shows a purging system 30 of an example 
embodiment. The monitoring system 32 collects data from 
the managed computer system/s (not shown), consisting of 
applications and infrastructure components (such as servers, 
storage, and network elements). The monitoring system 32 
also may perform computations on the collected data togen 
erate “events’ that signify certain conditions where observed 
in the collected data. The monitored data and events 34 are 
stored in a repository 36. The repository 36 may have an 
internal schema that is open, and/or the repository allows 
access through published APIs. Events and data information 
37 from the repository 36 is passed to an analytics module 38. 
The analytics module 38 performs analyses Such as business 
analytics, system management tools, and service level agree 
ment reporting tools. The analytics module 38 also may gen 
erate events 39 that are to be stored in the repository 36. 
0037. A purging module 40 receives input policies 42. 
These policies specify the necessary parameters to realize 
particular instances of the models in the meta-data repository 
48. For example, a sample policy is as follows: 

0.038 “The utility of throughput measurement 
timeseries of Billing application is 50% of its anteced 
ent timeseries at the end of the mandatory audit period. 
Thereafter, the value diminishes linearly with slope 0.5. 
Data samples within two sample neighborhood of any 
throughput related event are twice more valuable than 
any other farther sample in the same timeseries.” 

0039. The purging system 40 translates these high level 
utility based specifications to actual data level database 
schema-specific deletion queries and their execution sched 
ule. A meta-data repository 48 stores the models described 
below in the model embodiments. The input policies 42 are 
based on the models defined in the meta-data repository 48. 
For example, if an ageing model is defined in the meta-data 
repository 48, then input policies are used to configure the 
parameters, such as linear model, slope, and time window. 
Also, for example, if relationship models are to be used, then 
relative importance weights between measurement 
timeseries can be assigned by the policy. 

Model Embodiments 

0040. The models defined on data generated by the moni 
toring system 32 will now be described. These models are 
used by the purging module 40 to implement the purging 
algorithm 20. 
0041. Each of the N data measurements, such as raw data 
sensors, data aggregators, or event monitors in the monitoring 
system32 produces a timeseries R, that contains data samples 
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rt for i=1 ... Nandj=1 ... S., where S, is the size (number 
of samples) of the timeseries at time instance t. 

Dependency Model 

0042. The first model embodiment captures relationships 
between timeseries. Each timeseries has additional informa 
tion or meta-data associated with it. The meta-data types may 
need to be customized to the actual domain but should be 
largely unchanged across domains. Meta-data type always 
includes metric, i.e., the quantity being measured, and the 
context in which the measurement is taking place, e.g., con 
texts may be, business function, geographical location, 
application, etc. These meta-data types are defined in a 
monitoring ontology Such as CIM (see http://www/dmtforg). 
Several types of relationship or dependency models can be 
defined for Such meta-data. These in turn induce dependency 
relationships between the actual timeseries data. More spe 
cifically, combinations of structural, functional, computa 
tional, and metric relationships between pairs of timeseries 
can be considered. 
0043. The dependency model specifies a static hierarchy 
on the meta-data to capture the structural context; an example 
of a hierarchy is: 

0044) <metric type Md./<line of business LOB>/ 
<business function BF>/<geography GEO>/<appli 
cation component AC>/<infrastructure resource IR> 

0045. Each meta-data type above can itself be hierarchi 
cally structured. The hierarchy can be encoded as a string tag 
for each measurement timeseries and corresponding event 
timeseries. Example timeseries tags for, say, monitoring of a 
financial institution data center, could be: 

<availability/links/<creditcards><billing><EMEAs, 
<printBill/process.As f <server1 > 
and 
<qsize>|<creditcards><billing><EMEAs, 
<printBill/process.As f <server1 >. 

0046. The dependency model also contains metric rela 
tionships between metadata that cannot be captured in the 
hierarchy and hence are not part of the timeseries tags. In the 
above example, the model may dictate that availability/link 
measurement of printBill application on server 1 is an ante 
cedent of the qsize measurement on the same entity, because 
queue size will be impacted by availability. These relation 
ships can be represented as cross-edges between the meta 
data of two tag hierarchies, assuming that they encode only 
causal information for ordering and do not produce any cycles 
in the resulting dependency graph. The metric relationship is 
represented between the applicable levels of the two hierar 
chies, e.g., a metric relationship specified at the billing level 
means that if the two timeseries exist at the business function 
level, then they are related. No assumption is made currently 
about relationships at other levels unless explicitly specified. 
0047 Similar to metric relationships, functional relation 
ships are also cross edges. However, they are not represented 
explicitly in the dependency model. A functional relationship 
only becomes important when it manifests as a metric rela 
tionship, e.g., application printBill may depend on another 
application getAddress for Some service. But then the depen 
dency may appear as a metric relationship between latency 
measurements at printBill and getAddress. 
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0048. The dependency model described so far creates a 
directed acyclic graph (DAG) of meta-data instances. Each 
timeseries is associated with a node in the DAG and corre 
sponds to a specific tag created by the hierarchy from the 
hierarchy root to the specific node. The structural and com 
putational dependencies are explicitly captured in the tag 
hierarchy, and the metric (or indirectly functional) dependen 
cies are edges connecting two tags at Some hierarchy levels. 
For the purpose of this discussion we assume that if a depen 
dency model is used for computing utility values of data 
samples, then the DAG edges in the instance of the model are 
known using some technique. 
0049. The hierarchical dependency model also covers 
computational dependencies, such as aggregation and event 
generation. For example, a measurement timeseries with tag 
<qsize>/<creditcards>/<billing>/ is an aggregation of all 
measurement timeseries for various geographies under the 
billing business function. Also, any event timeseries E is an 
antecedent to its corresponding measurement timeseries, M. 
(from where it is computed), and any dependent timeseries of 
M 

0050. The analytics module 38 that consumes the raw 
event and data 37 can generate higher level events which have 
tags that are prefix of the consumed data. For example, the 
analytics module 38 may consume system component 
instance level availability information, with tags of the form 
<Md./<LOB>/<GEO>/<AC> and generate business 
function level availability events with tags of the form <M>/ 
<LOB>. In this case, the analytics module 38 internally 
implements aggregation functions to Summarize information 
in a hierarchy. The aggregation function must be stored in the 
meta-data repository 48 so that the purging system can 
remove high resolution information in a tag hierarchy rooted 
at node X and maintain only coarse aggregate represented by 
X. 

Ageing Models 

0051 Ageing models corresponding to nodes in the DAG 
also are considered. Historical data usage analysis can be 
applied to create the models. Aging models can be based on 
polynomic functions. For example, all data with a business 
function level tag <latency>|<creditcards>/<billing> can 
have a linear aging model but more detail data with tag 
<latency>/<creditcards>/<billing>/<EMEAs can be 
aged exponentially if it is less valuable for long-term BI. 
Intermediate functions also can be used. 

Region of Interest Models 

0.052 Assume that there is a measurement timeseries M 
and a corresponding synchronized and correlated event 
timeseries E. The correlation between the two timeseries is 
established using some method that is beyond the scope of 
this discussion. It is possible that the relationship model DAG 
represents the relationship between Mand E because they are 
attached to corresponding antecedent and dependent nodes, 
respectively. 
0053. In the region of interest model it is assumed that the 

utility of data samples in the measurement series is a function 
of the corresponding synchronized event timeseries. For 
example, data samples in the measurement timeseries that are 
closer to an event in the event timeseries can have a higher 
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utility than those that are farther away. The ROI around an 
evente can be modeled by a bell shaped function with peak at 
the time where e occurred. 
0054. In summary, the meta-data repository 36 stores: 
0055 1. Hierarchical meta-data tags 
0056 2. Models on the meta-data tags consisting of 
structural, functional, computational, and metric rela 
tionships. These can be represented/stored as a DAG 

0057 3. The aggregation function used at each level of 
the hierarchy to Summarize the data that is tagged with 
its children tags 

0.058 4. Ageing models associated with each node of 
the DAG. 

0059) 5. Region of Interest models associated with each 
node of the DAG. 

Purging Algorithm Embodiment 
0060. The total size of the repository 36 at instance t is 
SXS, based on the notation stated earlier. The goal of the 
purging algorithm at instance t is to purge B data samples to 
satisfy the storage constraint. 
0061. To formulate this problem, assume that there exists 
a function u() that measures the utility of a data sample r. 
which is thei" sample of the i' timeseries. Also, let d(x,y) be 
a function that measures the change in information content if 
data sample X is represented by y. Also assume an indicator 
variables, c0,1], where s, 1 represents that a sampler, is 
preserved. Then the purging problem is to minimize the 
weighted loss in information, where weights are the utility 
values, under the constraints of desired repository size: 

N Sit (1) 
min) (u(r): d(rii, Siik ri)) 
si; it 
such that: 

Sit (2) 

0062. This optimization can be formulated as a binary 
knapsack problem which is known to be NP complete. The 
purging algorithm does not attempt to solve the problem 
optimally because of its complexity. Rather, it adopts a divide 
and conquer approach that drastically reduces the algorithm 
complexity. 
0063. The algorithm assumes that a timeseries can be seg 
mented into time windows of fixed size. In an extreme case 
the window can cover the entire time length of the timeseries 
stored in the repository. It is also assumed for simplicity that 
the window boundaries of all the timeseries in the repository 
are synchronized, i.e. there data samples are also synchro 
nized in time. 
0064. Before providing the algorithm, the function u(). 
which captures cumulative utility of a data sample based on 
one or more model embodiments, and the information metric 
d(), that measures the loss in information due to purging will 
be discussed. 

Utility Contribution from Relationship Model 
0065. The first step of the utility computation algorithm is 

to attach a utility factor u(i) to each node i of the DAG. This 
utility captures the importance of a timeseries with respect to 
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other timeseries without taking the actual data samples of the 
timeseries into consideration. Thus all data samples belong 
ing to timeseries i will have the same utility u(i). The DAG 
could be used to guide the estimation of u(i), e.g., a 
timeseries is more important than anotherif it is an antecedent 
in the relationship. It can be estimated using data analysis 
techniques, e.g., using historical data usage patterns, but in 
the current embodiment it is a user input. 

Utility Contribution from Ageing Model 
0066. In addition, each node i of the DAG is associated 
with an aging model, m, (i) captures the purging in temporal 
space which is a generalization of traditional time-based 
purging. In the latter casem, (i)=0 if t>T and 1 if t<T, where 
T is the time-based purging threshold. In effect, the factor 
u(i) is used to modulate the ageing model that is attached to 
the node. 

u(r) = u(i) 8 mi (j) (3) 

0067. An interpretation of this equation could be that u(i) 
attaches an initial monetary value to a timeseries and this 
value reduces as the data sample ages. 

Utility Contribution from Region of Interest Model 

0068 Let us assume that an event occurs at time instance 
j, then using the Fisheye model the utility factor can be 
changed as 

u(r)-u(r)-dist(iii.) (4) 

where dist() is the Euclidean distance measure. The utility of 
a data sample can be potentially influenced by multiple events 
in range. 
0069 FIG. 3 shows an example of the utility computation 
using the three model embodiments. The shading of the box 
represents utility value. The higher is the value, the darker 
the shade. There are three timeseries, of four samples each in 
the data repository 36. Each sample has a utility factor that is 
a function of the timeseries it belongs to, u. There is a 
common aging model m. In "(a) it is assumed that no event 
has occurred, the timeseries only records measurement data. 
Thus data sample 1 in timeseries 2 has the highest utility 
factor while data sample 4 in timeseries 1 has the lowest 
utility factor. On the other hand in "(b) it is assumed that an 
event has occurred in timeseries 3 of the repository. It is also 
assumed that this timeseries is related with timeseries 1. This 
event changes the utility of the samples in timeseries 1 and 3. 
giving higher importance to the event sample and its imme 
diate neighbors while lessening the importance of other 
samples. 

Information Loss Metric 

0070 Different information measures can be used in the 
purging algorithm. All Such measures are estimated from the 
actual values of the timeseries data. The measure chosen 
should depend on the expected BIusage of the preserved data. 
For example, if point queries of the form “find records at time 
instantt” are expected then d(x,y)=x-y". On the other hand 
if range queries of the form “find statistics of records in the 
time range t to t” are expected then the difference in the 
statistics of the samples in the time range are of concern, e.g. 
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the probability distribution function (PDF) of original sample 
set and the purged set should be close. 
0071. If point queries are predominant then Mean Square 
Error (MSE) is used as the distortion measure evaluating the 
effectiveness of the algorithm. If range queries are predomi 
nant then Kullback Liebler (KL) distance is used as a distor 
tion measure. Depending on the information loss metric, a 
statistics of the data samples would be chosen to be preserved, 
e.g., if MSE has to be minimized, then variance of samples 
would be used as the statistics, while if KL has to be mini 
mized, the histogram will be used as statistics. 

Purging Algorithm 

0072 The algorithm adopts a greedy approach where the 
timeseries are segmented into windows. The windows of all 
timeseries are synchronized with equal number of synchro 
nized samples in them. 
0073 For example, the purging algorithm in one embodi 
ment is configured to: 

0074 1. compute statistics and average utility: 
(0075 (a) for each window w of timeseries i: 

0.076 i. calculate statistics of the data samples in 
the window d(i), e.g. calculate the variance, 
entropy, or the histogram of values. (The statistics 
here represent the information content). 

0.077 ii. find average utility u(i) of the data 
samples in the window. 

0078 2. select number of samples to be preserved: 
0079 (a) the number of samples to be preserved, 
b(i), in window w is in proportion to the statistics of 
a window and its average utility, i.e., 

b(i) = nint B 

0080. This involves rounding fractional values to integer 
allocations. 

0081 
0082 

0.083 
0084 ii. distribute b(i) among the bins on the time 
axis in ratio of the time axis histogram frequencies. 

0085 iii. within a histogram bin select samples 
uniformly. 

3. select samples: 
(a) for each window w of timeseries i: 

i. compute histogram on the time axis. 

I0086 A few assumptions are made in the above algorithm 
embodiment: 

0087. 1. It is assumed that “bits’, i.e., the number of 
samples to be preserved in a window, can be allocated in 
proportion to the average information content and aver 
age utility of samples in the window. This assumption 
has often been used in data compression area and is 
optimal if the signal was a Gaussian and MSE was being 
preserved. 

I0088 2. In the selection of samples, the data samples in 
a window are chosen uniformly from clusters in time, 
with the number of samples being proportional to the 
size of the cluster. Clearly more sophisticated tech 
niques could be substituted in any of the steps of the 
algorithm; there is a loss of algorithmic performance (in 

May 22, 2008 

terms of measure being preserved) due to these assump 
tions but it is a tradeoff with the time complexity. 

Results 

I0089 Experiments were performed on a data set with 8 
timeseries with 10,000 samples in each. They correspond to 
availability, input load, queue size, and throughput measure 
ments at 2 processes belonging to an application. The 
timeseries were independent of each other and had equal 
importance, i.e. u was equal for all. An exponential aging 
model was used along with a bell shaped region of interest 
model. 
0090 FIG. 4A shows the performance of a purging algo 
rithm where y-axis is the mean of logo (loss in information) 
and X-axis is the fractional number of samples preserved. 
The plot for time-based purging and the proposed model 
based purging are shown. The model-based purging algo 
rithm performs better because it shows lower loss in informa 
tion with the same repository size. 
0091 FIG. 4B shows the performance of a purging algo 
rithm where y-axis is the variance of logo (loss in informa 
tion) and X-axis is the fractional number of samples pre 
served. Again both time-based and model-based algorithm 
curves are plotted. The variance in information content for 
model-based purging is much lower given the same reposi 
tory size. Also, the change in variance with repository size is 
flatter and Smoother demonstrating that model-based purging 
not only causes lower variance but a smoother degradation. 
0092 FIG. 4C demonstrates the use of the region of inter 
est model to perform adaptive Sub-Sampling, i.e. a larger 
number of samples are preserved closer to events. Plot 
Preserved1 shows the advantage of using the region of inter 
est model as compared to plot Preserved2 where the region 
of interest model is not used. 

Computer Hardware Embodiment 
(0093. The method of FIGS. 1 and 2 may be implemented 
using a computer system 100, such as that shown in FIG. 5 
wherein the processes of FIGS. 1 and 2 may be implemented 
as Software. Such as one or more application programs execut 
able within the computer system 100. In particular, the steps 
of method of purging monitoring data are effected by instruc 
tions in the software that are carried out within the computer 
system 100. The instructions may be formed as one or more 
code modules, each for performing one or more particular 
tasks. The software may be stored in a computer readable 
medium, including the storage devices described below, for 
example. The Software is loaded into the computer system 
100 from the computer readable medium, and then executed 
by the computer system 100. A computer readable medium 
having such Software or computer program recorded on it is a 
computer program product. The use of the computer program 
product in the computer system 100 preferably implements 
an advantageous apparatus for purging stored monitoring 
data. 
(0094. As seen in FIG. 5, the computer system 100 is 
formed by a computer module 101, input devices such as a 
keyboard 102 and a mouse pointer device 103, and output 
devices including a printer 115, a display device 114 and 
loudspeakers 117. An external Modulator-Demodulator (Mo 
dem) transceiver device 116 may be used by the computer 
module 101 for communicating to and from a communica 
tions network 120 via a connection 121. The network 120 
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may be a wide-area network (WAN), such as the Internet or a 
private WAN. Where the connection 121 is a telephone line, 
the modem 116 may be a traditional “dial-up' modem. Alter 
natively, where the connection 121 is a high capacity (eg. 
cable) connection, the modem 116 may be a broadband 
modem. A wireless modem may also be used for wireless 
connection to the network 120. 

0095. The computer module 101 typically includes at least 
one processor unit 105, and a memory unit 106 for example 
formed from semiconductor random access memory (RAM) 
and read only memory (ROM). The module 101 also includes 
an number of input/output (I/O) interfaces including an 
audio-video interface 107 that couples to the video display 
114 and loudspeakers 117, an I/O interface 113 for the key 
board 102 and mouse 103 and optionally a joystick (not 
illustrated), and an interface 108 for the external modem 116 
and printer 115. In some implementations, the modem 116 
may be incorporated within the computer module 101, for 
example within the interface 108. The computer module 101 
also has a local network interface 111 which, via a connection 
123, permits coupling of the computer system 100 to a local 
computer network 122, known as a Local Area Network 
(LAN). As also illustrated, the local network 122 may also 
couple to the wide network 120 via a connection 124, which 
would typically include a so-called “firewall device or simi 
lar functionality. The interface 111 may be formed by an 
EthernetTM circuit card, a wireless BluetoothTM or an IEEE 
802.21 wireless arrangement. The interfaces 108 and 113 
may afford both serial and parallel connectivity, the former 
typically being implemented according to the Universal 
Serial Bus (USB) standards and having corresponding USB 
connectors (not illustrated). Storage devices 109 are provided 
and typically include a hard disk drive (HDD) 110. Other 
devices such as a floppy disk drive and a magnetic tape drive 
(not illustrated) may also be used. An optical disk drive 112 is 
typically provided to act as a non-volatile source of data. 
Portable memory devices, such optical disks (eg: CD-ROM, 
DVD), USB-RAM, and floppy disks for example may then be 
used as appropriate sources of data to the system 100. 
0096. The components 105, to 113 of the computer mod 
ule 101 typically communicate via an interconnected bus 104 
and in a manner which results in a conventional mode of 
operation of the computer system 100 known to those in the 
relevant art. Examples of computers on which the described 
arrangements can be practised include IBM-PCs and com 
patibles, Sun Sparcstations, Apple MacTM or alike computer 
systems evolved therefrom. 
0097. Typically, the application programs discussed above 
are resident on the hard disk drive 110 and read and controlled 
in execution by the processor 105. Intermediate storage of 
such programs and any data fetched from the networks 120 
and 122 may be accomplished using the semiconductor 
memory 106, possibly in concert with the hard disk drive 110. 
In some instances, the application programs may be supplied 
to the user encoded on one or more CD-ROM and read via the 
corresponding drive 112, or alternatively may be read by the 
user from the networks 120 or 122. Still further, the software 
can also be loaded into the computer system 100 from other 
computer readable media. Computer readable media refers to 
any storage medium that participates in providing instruc 
tions and/or data to the computer system 100 for execution 
and/or processing. Examples of Such media include floppy 
disks, magnetic tape, CD-ROM, a hard disk drive, a ROM or 
integrated circuit, a magneto-optical disk, or a computer read 
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able card such as a PCMCIA card and the like, whether or not 
Such devices are internal or external of the computer module 
101. Examples of computer readable transmission media that 
may also participate in the provision of instructions and/or 
data include radio or infra-red transmission channels as well 
as a network connection to another computer or networked 
device, and the Internet or Intranets including e-mail trans 
missions and information recorded on Websites and the like. 
0098. The second part of the application programs and the 
corresponding code modules mentioned above may be 
executed to implement one or more graphical user interfaces 
(GUIs) to be rendered or otherwise represented upon the 
display 114. Through manipulation of the keyboard 102 and 
the mouse 103, a user of the computer system 100 and the 
application may manipulate the interface to provide control 
ling commands and/or input to the applications associated 
with the GUI(s). 

CONCLUSION 

0099 Various alterations and modifications can be made 
to the techniques and arrangements described herein, as 
would be apparent to one skilled in the relevant art. 
We claim: 
1. A method for purging timeseries data samples stored in 

a repository comprising: 
calculating a utility value for each said data sample; 
determining information content of each said data sample: 

and 
purging said stored data samples from said repository Such 

that data samples having high utility value are retained 
and loss of information content of retained data samples 
is minimized. 

2. The method of claim 1, wherein said purging also 
ensures that a maximum capacity of said repository is not 
exceeded. 

3. The method of claim 1, wherein said utility value calcu 
lation is based on relationships between said stored data. 

4. The method of claim3, wherein said utility value calcu 
lation is based on a dependency model being represented as a 
hierarchical graph having (i) nodes, and (ii) edges intercon 
necting nodes, said nodes and edges representing dependen 
cies between said data samples, and each said data sample 
being associated with a node. 

5. The method of claim 1, wherein said utility value calcu 
lation is based on regions of said data samples of interest. 

6. The method of claim 5, wherein said utility value calcu 
lation is based on a dependency model of said data samples 
being represented as a hierarchical graph having (i) nodes, 
and (ii) edges interconnecting nodes, said nodes being asso 
ciated with regions of interest. 

7. The method of claim 1, wherein said utility value calcu 
lation is based on the age of said data samples. 

8. The method of claim 7, wherein said utility value calcu 
lation is based on a dependency model of said data samples 
being represented as a hierarchical graph having (i) nodes, 
and (ii) edges interconnecting nodes, said nodes being asso 
ciated with age. 

9. The method of claim 8, wherein age is determined by a 
polynomic function. 

10. The method of claim 1, wherein determination of said 
information content of said stored data samples is performed 
on the basis of using least one: of a probability distribution 
function, a mean square error, and a Kullback Liebler dis 
tance applied to said data samples. 
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11. A method for purging stored timeseries data compris 
1ng: 

specifying meta-data purging policy rules and meta-data 
models of said stored data; 

applying utility values to said stored data; and 
purging said stored data samples from said repository Such 

that data samples having high utility value are retained 
and loss of information content of retained data samples 
is minimized, and wherein said information content is 
determined based on said purging policy rules. 

12. A method for purging timeseries data samples stored in 
a repository comprising: 

calculating a utility value for each said data samples: 
determining information content of each said data sample: 

and 
purging said stored data samples from said repository Such 

that data samples having high utility value are retained 
and loss of information content of retained data samples 
is minimized, and Such that a maximum capacity of said 
repository is not exceeded. 

13. The method of claim 12, wherein said utility value 
calculation is based on relationships between said stored data. 

14. The method of claim 13, wherein said utility value 
calculation is based on a dependency model being repre 
sented as a hierarchical graph having (i) nodes, and (ii) edges 
interconnecting nodes, said nodes and edges representing 
dependencies between said data samples, and each said data 
sample being associated with a node. 

15. The method of claim 12, wherein said utility value 
calculation is based on regions of said timeseries data samples 
of interest. 

16. The method of claim 15, wherein said utility value 
calculation is based on a dependency model of said data 
samples being represented as a hierarchical graph having (i) 
nodes, and (ii) edges interconnecting nodes, said nodes being 
associated with regions of interest. 

17. The method of claim 12, wherein said utility value 
calculation is based on the age of said data samples. 

18. The method of claim 17, wherein said utility value 
calculation is based on a dependency model of said data 
samples being represented as a hierarchical graph having (i) 
nodes, and (ii) edges interconnecting nodes, said nodes being 
associated with age. 

19. The method of claim 12, wherein determination of said 
information content of said stored data samples is performed 
on the basis of using least one: of a probability distribution 
function, a mean square error, and a Kullback Liebler dis 
tance applied to said data samples. 

20. A system comprising: 
a repository storing timeseries data samples; and 
a processor for calculating a utility value for each said data 

samples, determining information content of each said 
data sample, and purging said stored data samples from 
said repository Such that data samples having high utility 
value are retained and loss of information content of 
retained data samples is minimized. 

21. The system of claim 20, wherein said purging also 
ensures that a maximum capacity of said repository is not 
exceeded. 
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22. The system of claim 20, wherein said utility value 
calculation is based on relationships between said stored data. 

23. The system of claim 22, wherein said utility value 
calculation is based on a dependency model being repre 
sented as a hierarchical graph having (i) nodes, and (ii) edges 
interconnecting nodes, said nodes and edges representing 
dependencies between said data samples, and each said data 
samples being associated with a node. 

24. The system of claim 20, wherein said utility value 
calculation is based on regions of said data samples of inter 
eSt. 

25. The system of claim 24, wherein said utility value 
calculation is based on a dependency model of said data 
samples being represented as a hierarchical graph having (i) 
nodes, and (ii) edges interconnecting nodes, said nodes being 
associated with regions of interest. 

26. The system of claim 20, wherein said utility value 
calculation is based on the age of said data samples. 

27. The system of claim 26, wherein said utility value 
calculation is based on a dependency model of said data 
samples being represented as a hierarchical graph having (i) 
nodes, and (ii) edges interconnecting nodes, said nodes being 
associated with age. 

28. The system of claim 20, wherein determination of said 
information content of said stored data samples is performed 
on the basis of using least one: of a probability distribution 
function, a mean square error, and a Kullback Liebler dis 
tance applied to said data samples. 

29. A system for purging stored data comprising: 
a repository Storing timeSeries data samples: 
a memory specifying meta-data purging policy rules and 

meta-data models of said stored data samples; and 
a processor applying utility values to said stored data, and 

purging said stored data samples from said repository 
Such that data samples having high utility value are 
retained and loss of information content of retained data 
samples is minimized, and wherein said information 
contentis determined based on said purging policy rules. 

30. A system for purging stored data, comprising: 
a repository storing timeseries data samples; and 
a processor calculating a utility value for each said data 

samples, determining information content of each said 
data sample, and purging said stored data samples from 
said repository Such that data samples having high utility 
value are retained and loss of information content of 
retained data samples is minimized, and Such that a 
maximum capacity of said repository is not exceeded. 

31. A computer program product comprising a computer 
useable medium having a computer readable program, 
wherein the computer readable program when executed on a 
computer causes the computer to: 

calculate a utility value for each said data samples: 
determine information content of each said data sample: 

and 
purge said stored data samples from said repository Such 

that data samples having high utility value are retained 
and loss of information content of retained data samples 
is minimized and Such that a maximum capacity of said 
repository is not exceeded. 

c c c c c 


