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ABSTRACT: we discuss update scheduling in streaming data warehouses, which combine the features of traditional 

data warehouses and data stream systems. In our setting, external sources push append-only data streams into the 

warehouse with a wide range of interarrival times. While traditional data warehouses are typically refreshed during 

downtimes, streaming warehouses are updated as new data arrive. We model the streaming warehouse update problem 

as a scheduling problem, where jobs correspond to processes that load new data into tables, and whose objective is to 

minimize data staleness over time (at time t, if a table has been updated with information up to some earlier time r, its 

staleness is t minus r). We then propose a scheduling framework (using the round robin scheduling in one of the basic 

algorithms.) that handles the complications encountered by a stream warehouse: view hierarchies and priorities, data 

consistency, inability to preempt updates, heterogeneity of update jobs caused by different interarival times and data 

volumes among different sources, and transient overload. A novel feature of our framework is that scheduling decisions 

do not depend on properties of update jobs (such as deadlines), but rather on the effect of update jobs on data staleness. 

Finally, we present a suite of update scheduling algorithms and extensive simulation experiments to map out factors 

which affect their performance. 

 

KEYWORDS: Earliest Deadline First, Scheduling Algorithms, Streaming Data Warehouse, Real-Time Data 

Processing, Task Prioritization, Update Scheduling, Deadline-Aware Systems 

 

I. INTRODUCTION 

 

Data mining is the extraction of hidden predictive information from large databases. Data are any facts, numbers, or 

text that can be processed by a computer. Operational or transactional data are such as, sales, cost, inventory, payroll, 

and accounting. Nonoperational data, such as industry sales, forecast data, and macro economic data. The patterns, 

associations, or relationships among all this data can provide information. Information can be converted 

into knowledge about historical patterns and future trends. Data warehousing is defined as a process of centralized data 

management and retrieval. Data extraction is the act or process of retrieving data out of data sources for further data 

processing or data storage.  

 

Traditional   data warehouses are updated during downtimes and store layers of complex materialized views over 

terabytes of historical data. On the other hand, Data Stream Management Systems (DSMS) support simple analyses on 

recently arrived data in real time. Streaming warehouses such as Data Depot combine the features of these two systems 

by maintaining a unified view of current and historical data. This enables a real-time decision support for business-

critical applications that receive streams of append-only data from external sources. 

 

Applications include  Online stock trading, where recent transactions generated by multiple stock exchanges are 

compared against historical trends in nearly real time to identify profit opportunities Credit card or telephone fraud 

detection, where Streams of point-of-sale transactions or call details are collected in nearly real time and compared with 

past customer behavior;. Summaries to monitor network performance and detect network attacks The goal of a 

streaming warehouse is to propagate new data across all the relevant tables and views as quickly as possible. Once new 

data are loaded, the applications and triggers defined on the warehouse can take immediate action. This allows 

businesses to make decisions in nearly real time, which may lead to increased profits, improved customer satisfaction, 

and prevention of serious problems that could develop if no action was taken. Recent work on streaming warehouses 

has focused on speeding up the Extract-Transform-Load (ETL) process .There has also been work on supporting 

various warehouse maintenance policies, such as immediate (update views whenever the base data change), deferred 

(update views only when queried), and periodic . However, there has been a little work on choosing, of all the tables 
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that are now out-of-date due to the arrival of new data, which one should be updated next. This is exactly the problem 

we study in this paper.  

 

Immediate view maintenance may appear to be a reasonable solution for a streaming warehouse (deferred maintenance 

increases query response times, especially if high volumes of data arrive between queries, while periodic maintenance 

delays updates that arrive in the middle of the update period). That is, whenever new data arrive, we immediately 

update the corresponding “base” table T. After T has been updated, we trigger the updates of all the materialized views 

sourced from T, followed by all the views defined over those views, and so on. The problem with this approach is that 

new data may arrive on multiple streams, but there is no mechanism for limiting the number of tables that can be 

updated simultaneously. Running too many parallel updates can degrade performance due to memory and CPU-cache 

thrashing (multiple memories intensive ETL processes are likely to exhaust virtual memory), disk-arm thrashing, 

context switching, etc. This motivates the need for a scheduler that limits the number of concurrent updates and 

determines which job (i.e., table) to schedule (i.e., update) next. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.1. Staleness of two tables scheduled according to Max Benefit. 

 

concurrency and for separating long jobs from short jobs (with the number of tracks being the limit on the number of 

concurrent jobs). For simplicity, we assume that the same type of basic scheduling algorithm is used for each track. 

 

TABLE.1.A streaming data warehouse 
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II. SCHEDULING ALGORITHMS 

 

This section presents our scheduling framework. The idea is to partition the update jobs by their expected processing 

times, and to partition the available computing resources into tracks. A track logically represents a fraction of the 

computing resources required by our complex jobs, including CPU, memory, and disk I/Os. When an update job is 

released, it is placed in the queue corresponding to its assigned partition (track), where scheduling decisions are made 

by a local scheduler running a basic algorithm (however, the algorithm that we will present in Section 3.2.3 generalizes 

this assumption). We assume that each job is executed on exactly one track, so that tracks become a mechanism for 

limiting At this point, one may ask why we do not precisely measure resource utilization and adjust the level of 

parallelism on-the-fly. The answer is that it is difficult to determine performance bottlenecks in a complex server, and 

performance may deteriorate even if resources are far from fully utilized. The difficulty of cleanly correlating resource 

use with performance leads us to schedule in terms of abstract tracks instead of carefully calibrated CPU and disk 

usage. 

 

Below, we first discuss basic algorithms, followed by job partitioning strategies, and techniques for dealing with 

view hierarchies and transient overload. 

 

 

A.  Basic Algorithms 

The basic scheduling algorithms prioritize jobs to be executed on individual tracks, and will serve as building blocks of 

our multitrack solutions For example, the Earliest-Deadline-First (EDF) algorithm orders released jobs by proximity to 

their deadlines. EDF is known to be an optimal hard real-time scheduling algorithm for a single track (w.r.t. 

maximizing the number of jobs that meet their deadlines), if the jobs are preemptible [7]. Since our jobs are prioritized, 

using EDF directly does not result in the best performance. Instead we use one of the following basic algorithms. 

Prioritized EDF (EDF-P) orders jobs by their priorities, breaking ties by deadlines. Our model does not directly have 

deadlines, but they may be estimated as follows: For each job Ji , we define its release time ri as the last time Ti’s 

freshness delta changed from zero to nonzero (i.e., the last arrival of new data in case of base tables, or, for derived 

tables, the last movement of the trailing edge point of its source tables). Then, we estimate the deadline of Ji  to be ri  + 

Pi (recall that the period of a derived table is the maximum of the periods of its descendants).Max Benefit Recall that 

the goal of the scheduler is to minimize the weighted staleness. In this context, the benefit of executing a job Ji  may be 

defined as pi∆ F i, i.e., its priority-weighted freshness delta (decrease in staleness). Similarly, the marginal benefit of 

executing Ji  is its benefit per unit of execution time: pi∆ F i /E i (∆F i) Þ. A natural online greedy heuristic is to order the 

jobs by the marginal benefit of executing them. We will refer to this heuristic as Max Benefit. Since marginal benefit 

does not depend on the period, we can use Max Benefit for periodic and aperiodic update jobs. 

 

For example, suppose that jobs J1 and J2, corresponding to Tables 1 and 2, respectively, are released at time , with p1 = 

p2 = 1, E1= 3, E2 = 2, ∆F1 = 10, and ∆F2 = 5. Max Benefit schedules J1 at time because its delta freshness, and therefore 

its marginal benefit, is higher. Fig. 3 plots the weighted staleness of these two tables between time r and r+5, assuming 

that J1 runs first. Table 1 begins with a weighted staleness (and delta freshness) of 10 at time. Three time units later, J1 

is done and staleness drops by 10 (from 13 down to 3). The weighted staleness of Table 2 is five at time t  and 8 at time 

r+ 3 when J2 begins. At time r+ 5, J2 is completed and the staleness of Table 2 drops from ten to five. Between times r 

and r+ 5, the area under Table 1’s staleness curve works out  

To 42.5 and the area under Table 2’s staleness curve is 37.5, for a total weighted staleness of 80. We leave it as an 

exercise for the reader to verify that if J2 were to run first, the total staleness in this time interval would be 85. 

 

Since our jobs are assumed to be (approximately) periodic, one may argue that Max Benefit ignores useful information 

about the release times of future jobs. Recall the above example and suppose that J3 is expected to be released at 

 

time r+1, with p3 = 10, E3 = 3, and ∆F3 = P3 =50. It is better to schedule J2 at time and then schedule J3 when J2  finishes 

at time r+2, rather than scheduling J1 at time t and making J3 wait two time units. To see this, note that J3 accrues 

weighted staleness at a rate of 10 * 50 =500 per unit time, while J1 accrues weighted staleness at a rate of 10 per unit 

time. Hence, making J1 wait for several time units is better than delaying J3 by one time unit. Motivated by this 

observation, we have tested the following extension to the Max Benefit algorithm: 
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Max Benefit with Lookahead chooses the next job to execute as follows: 

 

1. Ji = released job with the highest marginal benefit.  

 

2. For each Jk whose expected release time rk is within Ei of the current time and whose marginal benefit is higher 

than that of Ji 

 

a. For each set S of released jobs Jm such that rk  <= ∑(Em)< Ej 

               B[S] = (∑ m(pm∆ Fm  )+p k∆ F k    )/ (∑ m(Em)+E k ) 

 

3. If maxS B[S] > marginal benefit of  Ji 

 

a. Schedule the job with highest marginal benefit from set S*= argmaxS B[S] 

 

4. Else  

 

     a. Schedule Ji.. 

 

In the above example, J1 has the highest marginal benefit, but a job with a higher marginal benefit (J3) will be released 

before J1 is completed. The Look ahead algorithm needs to find alternate sequences of jobs whose total running time is 

between 1 and 2, and compute their B[S] values; intuitively, B[S] represents the marginal benefit of running all the 

tasks in S followed by J3. There is one such sequence: {J2, J3}, with B[S]= 505/5 = 101, which is higher than the 

marginal benefit of J1 of 10/3. Thus, it schedules J2 instead of J1. 

 

The Look ahead algorithm employs a number of heuristics to prune the number of alternate job sets. First, it only 

considers sequences that never leave the system idle (line 2a: rk <=∑ m (Em )), since it is potentially dangerous to avoid 

job invocation based on unreliable information about future job releases. Second, it only considers future jobs 

scheduled to arrive before the current job with highest marginal benefit is expected to complete. In our experiments, the 

scheduling overhead of the Look ahead algorithm as compared to standard Max Benefit was negligible. However, the 

performance gain of the Look ahead algorithm was very minor as it almost always chose the same job to execute as 

Max Benefit. 

 

Job Partitioning  

If a job set is heterogeneous with respect to the periods and execution times (long execution times versus short periods), 

scheduler performance is likely to benefit if some fraction of the processing resources are guaranteed to short jobs 

(corresponding to tables that are updated often, which generally have higher priority). The traditional method for 

ensuring resource allocation is to partition the job set and to schedule each partition separately [7] (and to repartition 

the set whenever new tables or sources are added or existing ones removed, or whenever the parameters of existing jobs 

change significantly). However, recent results indicate that global scheduling (i.e., using a single track to schedule one 

or more jobs at a time) provides better performance, especially in a soft real-time setting, where job lateness needs to be 

minimized [5], . In this section, we investigate two methods for ensuring resources for short jobs while still providing a 

degree of global scheduling: EDF-Partitioned and Proportional. 

 

View Hierarchies  

Materialized view hierarchies can make the proper prioritization of jobs difficult. For example if a high-priority view is 

sourced from a low priority view, then it cannot be updated until the source view is which might take a long time since 

the source view has low priority. Therefore, source views need to inherit the priority of their dependent views. Let Ip i 

be the inherited priority of table Ti. We explore three ways of inheriting priority: 

 

Sum: Ipi is the sum of the priorities of its dependent views (including itself). 

 

Max: Ipi is the maximum of the priorities of its dependent views (including itself). 

 

Max-plus: Ipi is K times the maximum of the priorities of its dependent views (including itself), for some K > 1:0. A 

large value of K increases the priority of base tables relative to derived tables, especially those derived tables which 

have a long chain of ancestors. 
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Dealing with Transient Overload  

During transient overload, low-priority jobs are deferred in favor of high priority jobs. When the period of transient 

overload is over, the low-priority jobs will be scheduled for execution. Since they have been delayed for a long time, 

they will have accumulated a large freshness delta and therefore a large execution time and therefore might block the 

execution of high-priority jobs. A solution to this problem is to “chop up” the execution of the jobs that have 

accumulated a long freshness delta to a maximum of c times their period, for some c ≥ 1:0. This technique introduces a 

degree of perceptibility into long jobs, reducing the chances of priority inversion (low-priority jobs blocking high-

priority jobs) [7]. 

 

A reasonable rule-of-thumb for choosing c is to use a small number greater than one. Large values of c result in little 

chopping, while setting c =1 forces the scheduler to act as though there is no overload and every individual chunk of 

data needs to be loaded separately. 

 

III. EXPERIMENTS 

 

 Setting  

We ran two types of experiments. In the first type, the simulation always executes in a slowdown period, and we adjust 

S to vary the total utilization Utot. In the second type, the simulation alternates between normal and slow periods, and 

we vary αi and βi to vary Utot. As we vary job execution times, the table staleness will vary. In order to obtain 

comparable numbers, we report the relative lateness, which is the average weighted staleness reported for an 

experiment divided by the average weighted staleness reported by an experiment with the same parameters, but with no 

contention for resources (i.e., every job is executed when released). 

 

Effect of Priorities  

Intuitively, a prioritized scheduler performs better than a non prioritized scheduler when jobs have varying priorities. 

To measure the benefit, we ran the experiment shown in Fig. 3. We used two classes of jobs which are identical except 

that the first class has a priority of one and the second has a priority of 10. The prioritized basic algorithm (in this case, 

Max-Benefit) incurs a far lower lateness than the non prioritized basic algorithms, EDF, and Random. 

 

 
 

Fig.3 Effects of prioritized jobs. 

 

View Hierarchies  

What is the effect of job hierarchies? One problem with this class of experiments is the wide range of view dependency 

graphs that can arise in practice. We ran experiments with a variety of graphs and received results similar to those 

shown in Fig. 8. In this particular experiment, all hierarchies are a single chain with a depth of three. Base tables have 

priorities of 0.001, the next level (i.e., all the derived tables sourced from base tables) has priority of one, and the next 

level has a priority of either 1, 10, or 100 (with identical numbers of each). We ran the Max Benefit algorithm and 

tested what happens if no inheritance occurs, versus if the inheritance mechanism is Max, Sum, or Max-plus. Perfor-

mance is poor if there is no inheritance because 1) base tables are starved, and 2) the scheduler cannot determine which 

base tables feed high versus low priority derived tables. Among the algorithms that use priority inheritance, their 

relative performance is often very similar (as in Fig. 8), but, overall, Max performs the best while Sum performs the 

worst. This is because Max achieves the right balance between prioritizing a base table high enough for it to run in a 

timely manner, but not so high as to starve the actual high-priority tables. 
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Update Chopping  

Finally, we evaluate the benefits of update chopping. Following slowdown periods, low-priority jobs may have 

accumulated a large freshness delta and can block high-priority jobs for a long time. We proposed update chopping to 

avoid this kind of blocking by adding a degree of preemptibility to the jobs. We report a representative set of results on 

a job set whose dependency graph consists of single-chain hierarchies with a depth of two (i.e., each base table is used 

to define one derived table). The base table jobs all have a priority of one and the derived tables have a priority of 10. 

We configured update chopping to limit the amount of data loaded at once to three times the job period. 

 

IV. RELATED WORK 

 

One important difference between a DSMS and a data stream warehouse is that the former only has a limited working 

memory and does not store any part of the stream permanently. Another difference is that a DSMS may drop a fraction 

of the incoming elements during overload, whereas a streaming data warehouse may defer some update jobs, but must 

eventually execute them. Scheduling in DSMS has been discussed in [2], [8] but all of these are concerned with 

scheduling individual operators inside query plans. 

 

V.  CONCLUSION 

 

In this paper, we motivated, formalized, and solved the problem of no preemptively scheduling updates in a real-time 

streaming warehouse. We proposed the notion of average staleness as a scheduling metric and presented scheduling 

algorithms designed to handle the complex environment of a streaming data warehouse. We then proposed a scheduling 

framework that assigns jobs to processing tracks and uses basic algorithms to schedule jobs within a track. The main 

feature of our framework is the ability to reserve resources for short jobs that often correspond to important frequently 

refreshed tables, while avoiding the inefficiencies associated with partitioned scheduling techniques. 

 

We have implemented some of the proposed algorithms in the Data Depot streaming warehouse, which is currently 

used for several very large warehousing projects within AT&T. As future work, we plan to extend our framework with 

new basic algorithms. We also plan to fine-tune the Proportional algorithm in our experiments, even the aggressive 

version with “all” allocation still exhibits signs of multiple operating domains, and therefore can likely be improved 

upon (however, it is the first algorithm of its class that we are aware of). Another interesting problem for future work 

involves choosing the right scheduling “granularity” when it is more efficient to update multiple tables together, We 

intend to explore the tradeoffs between update efficiency and minimizing staleness in this context. 
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