The Case For Prediction-based Best-effort Real-time Systems

Peter A. Dinda Bruce Lowekamp Loukas F. Kallivokas David R. O’Hallaron

Carnegie Mellon University 5000 Forbes Avenue, Pittsburgh, PA 15213, USA

(pdinda,lowekamp,loukas,droh)@cs.cmu.edu

Abstract. We propose a prediction-based best-effort real-time service to support distributed, interactive applications in shared, unreserved computing environments. These applications have timing requirements, but can continue to function when deadlines are missed. In addition, they expose two kinds of adaptability: tasks can be run on any host, and their resource demands can be adjusted based on user-perceived quality. After de^ning this class of applications, we describe a signi^cant example, an earthquake visualization tool, and show how it could bene^t from the service. Finally, we present evidence that the service is feasible in the form of two studies of algorithms for host load prediction and for predictive task mapping.

1 Introduction

There is an interesting class of interactive applications that could bene^t from a realtime service, but which must run on conventional reservation-less networks and hosts where traditional forms of real-time service are dif^cult or impossible to implement. However, these applications do not require either deterministic or statistical guarantees about the number of tasks that will meet their deadlines. Further, they are adaptable in two ways: their components are distributed, so a task can effectively be run on any available host, and they can adjust the computations tasks perform and the communication between tasks, trading off user-perceived degradation and the chances of meeting deadlines.

We propose a best-effort real-time service that uses history-based prediction to choose how to exploit these two levels of adaptation in order to cause most tasks to meet their deadlines and for the application to present reasonable quality to the user. We believe that such a service is feasible, and, while providing no guarantees, would nonetheless simplify building responsive interactive applications and greatly improve user experience.

The paper has two main thrusts. The ^rst is to de^ne the class of resilient, adaptable, interactive applications we have described above and to show that it contains signi^cant real applications. As an example of typical user demands and application adaptivity we analyze QuakeViz, a distributed visualization system for earthquake simulations being developed at CMU. We are also studying OpenMap, a framework for interactively presenting map-based information, developed at BBN [4]. The extended version of this paper [10] covers OpenMap in more detail.

Effort sponsored in part by the Advanced Research Projects Agency and Rome Laboratory, Air Force Materiel Command, USAF, under agreement number F30602-96-1-0287, in part by the National Science Foundation under Grant CMS-9318163, and in part by a grant from the Intel Corporation.

The second main thrust of the paper is to support the claim that history-based prediction is an effective way to implement a best-effort real-time service for this class of applications. We present two pieces of supporting evidence here. The ^rst is a trace-based simulation study of simple algorithms for predicting on which host a task is most likely to meet its deadline based on a history of past running times. One of the algorithms provides near optimal performance in the environments we simulated. The second piece of supporting evidence is a study of linear time series models for predicting host load that shows that simple, practical models can provide very good load predictions. Because running time is strongly correlated with the load experienced during execution, the fact that load is predictable suggests that information that can be collected in a scalable way can be used to make decisions about where to execute tasks. Together, these two results suggest that prediction is a feasible approach to implementing a best-effort real-time service.

2 Application characteristics

The applications we are interested in supporting have the following four characteristics. First, they exhibit interactivity Ů computation takes the form of tasks that are initiated or guided by a human being who desires responsiveness and predictable behavior. Research has shown that people have dif^culty using an interactive application which does not achieve timely, consistent, and predictable feedback [12, 16]. Our mechanism for specifying interactive performance is the task deadline. The second application characteristic is resilience in the face of missed deadlines Ů such failures do not make these applications unusable, but merely result in lowered quality. Resilience is the characteristic that suggests a best-effort real-time approach, instead of traditional ŞsoftŤ (statistically guaranteed) [21, 6, 15] and ŞhardŤ (deterministically guaranteed) real-time approaches [20]. The third characteristic is distributability Ů we assume that the applications are implemented in a distributable manner, with data movement exposed for scheduling purposes. Finally, our applications are characterized by adaptability Ů they expose controls, called application-speci�c quality parameters, that can be adjusted to change the amount of computation and communication resources a task requires.

3 QuakeViz

The Quake project developed a toolchain capable of detailed simulation of large geographic areas during strong earthquakes [2]. Thorough assessment of the seismicity associated with a geographic region requires accurate, interactive visualization of the data produced by the simulation. Visualization of this data is complex because the full data for even a small region such as the San Fernando Valley requires approximately 6TB of data. Even selective output results in tens of gigabytes of data. Nevertheless, with proper management of the visualization data, it is possible to achieve reasonable quality in a resource-limited environment.

The visualization toolchain is shown in Figure 1(a). The raw simulation data is typically read from storage, rather than from the running application, because of the simulation’s high cost, scheduling complexities, and the lack of any runtime tunable parameters in the simulation. The raw irregular mesh data is ^rst interpolated onto a regular grid to facilitate processing and downsampled to a more manageable size. The resulting grid is then used to calculate isosurfaces corresponding to various response intensities. The displacement and density isosurfaces are combined with topology information to produce a 3D image, which is then drawn on the user’s desktop display.

Fig. 1. QuakeViz Application. (a) Stages of the Quake visualization toolchain. Different placements of toolchain tasks corresponding to different resource situations: (b) A high performance network and workstation are available for the visualization. (c) A low-bandwidth network and PC with a 3D graphics accelerator are used. (d) A low-end PC is used as a framebuffer displaying the result of a completely remote visualization process.

Because the Quake visualization is done of~ine, the user’s input consists of controlling the parameters of the visualization. These operations may include rotating the display, removing surface layers, zooming in and out, and adjusting the parameters for isosurface calculation.

In the visualization diagram shown in Figure 1(a), we generally expect the resources to retrieve and do the initialinterpolationto be available on only a few high-performance machines, such as those commonly used at remote supercomputing facilities. Because the output device is determined by the user’s location, the isosurface calculation and scene calculation are the two components which can be freely distributed to optimize performance.

3.1 Task location

The location of these two phases is governed by the combination of network bandwidth, and computing and graphics resources available to the user. In fact, there are reasons to divide the pipeline at any of the three remaining edges, depending on predicted processor and network capacity. Three examples are shown in Figure 1(b)-(d).

Figure 1(b) is the ideal case where resources allow the full regular mesh produced by the interpolation phase to be sent directly to the user’s desktop. This situation is unlikely in all but the most powerful environments, but may offer the best opportunity for interactive use. In Figure 1(c), the isosurface calculation is performed in the supercomputer doing the interpolation. The scene calculation is done in the user’s desktop machine. The isosurface calculation is also fairly expensive, whereas the scene calculation can be done quite effectively by a variety of commodity graphics cards currently available. A very limited case is shown in Figure 1(d), where the user’s desktop is acting only as a framebuffer for the images. This setup may be useful if the size of the ^nal pixmap is smaller than the size of the 3D representation, which depends on the complexity of the scene, or if the user’s workstation does not have 3D hardware.

Fig. 2. Structure of best-effort real-time system. The shaded portion is discussed.

3.2 Quality parameters

Frame rate, resolution, and interactive response time are the primary quality parameters which can be adjusted to meet the user’s requirements. Because it may take some time for adjustments to these parameters to be propagated through the pipeline, other mechanisms may be used to maintain responsiveness. For example, resolution can be lowered along any edge in the toolchain. Similarly, zooming in on the image can be accomplished along edges, while waiting for the greater detail to be propagated from the beginning of the pipeline. Finally, even if only a pixmap of the image is available on the user’s workstation, that image can be used for temporary adjustments, providing the effects of zooming and rotation, while waiting for actual data to ^ll in the unavailable information.

4 Structure of a best-effort real-time system

Figure 2 illustrates the structure of our proposed best-effort real-time system. The boxes represent system components. Thin arrows represent the ~ow of measured and predicted information, thick arrows represent the control the system exerts over the application, and the dotted arrow represents the ~ow of application requests. We have shaded the parts of the design that we discuss in this paper.

The system accepts requests to run tasks from the application and then uses a mapping algorithm to assign these tasks to the hosts where they are most likely to meet their deadlines. A task mapping request includes a description of the data the task needs, its resource requirements (either supplied by the application programmer or predicted based on past executions of the task), and the required deadline. The mapping algorithm uses predictions of the load on each of the available hosts and on the network to determine the expected running time of the task on each of the hosts, and then runs the task on one of the hosts (the target host) where it is likely to meet its deadline with high con- ^dence. If no such host exists, the system can either map the task suboptimally, hoping that the resource crunch is transient behavior which should soon disappear, or adjust the quality parameters of the application to attempt to reduce the task’s computation and/or communication requirements or to add more slack to the deadline.

The choice of target host and the choice of application-speci^c quality parameters are adaptation mechanisms that are used at different time scales. A target host is chosen for every task, but quality parameters are only changed when many tasks have failed to meet their deadlines, or when it becomes clear that suf^cient resources exist to improve quality while still insuring that most deadlines can be met by task mapping. Intuitively, the system tries to meet deadlines by using adaptation mechanisms that do not affect the user’s experience, falling back on mechanisms that do only on failure. Of course, the system can also make these adjustments pre-emptively based on predictions.

The performance of the system largely re~ects the quality of its measurements and predictions. The measurement and prediction stages run continuously, taking periodic measurements and ^tting predictive models to series of these measurements. For example, each host runs a daemon that measures the load with some periodicity. As the daemon produces measurements, they are passed to a prediction stage which uses them to improve its predictive model. When servicing a mapping request, the mapping algorithm requests predictions from these models. The predictions are in the form of a series of estimated future values of the sequence of measurements, annotated with estimates of their quality and measures of the past performance of the predictive model. Given the predictions, the mapping algorithm computes the running time of the task as a con- ^dence interval whose length is determined by the quality measures of the prediction. Higher quality predictions lead to shorter con^dence intervals, which makes it easier for the mapping algorithm to choose between its various options.

5 Evidence for a history-based prediction approach

We present two pieces of evidence that suggest history-based prediction is a feasible approach to implementing a best-effort real-time service for distributed, interactive applications. The ^rst is a trace-based simulation study of simple mapping algorithms that use past task running times to predict on which host a task is most likely to meet its deadline. The study shows that being able to map a task to any host in the system exposes signi^cant opportunities to meet its deadline. Further, one of the algorithms provides near optimal performance in the environments we simulated. The second piece of evidence is a study of linear time series models for predicting host load. We found that simple, practical models can provide very good load predictions, and these good predictions lead to short con^dence intervals on the expected running times of tasks, making it easier for a mapping algorithm to choose between the hosts. Network prediction is of considerable current interest, so we conclude with a short discussion of representative results from the literature.

5.1 Relationship of load and running time

The results in this section depend on the strong relationship that exists between host load and running time for CPU-bound tasks. We measured the host load as the Unix ^ve second load average and sample it every second. We collected week-long traces of such measurements on 38 different machines in August 1997 and March 1998. We use these extensive traces to compute realistic running times for the simulation experiments of Section 5.2. In Section 5.3 we directly predict them with an eye to using the predictions to estimate running times. A detailed statistical analysis of the traces is available in [9]. Considering load as a continuous signal z(t) the relationship between load and running

(a) (b)

Fig. 3. Representative data from our study of simple prediction-based mapping algorithms: (a) the effect of varying nominal execution time, (b) the effect of increasing deadline slack.

time t_{running} is R_{trunning} 0 1 1+z(t) dt = tnominal where tnominal is the running time of the task on a completely unloaded host. Notice that the integral simply computes the inverse of the average load during execution. Further details on how this relationship was derived and veri^ed can be found in [11].

5.2 Simple prediction-based mapping algorithms

We developed and evaluated nine different mapping algorithms that use a past history of task running times on the different hosts to predict the host on which the current task’s deadline is most likely to be met. These algorithms included several different windowaverage schemes, schemes based on con^dence intervals computed using stationary IID stochastic models of running times, and simple neural networks. Due to space limits, we will focus on the performance of RangeCounter(W), the most successful of the algorithms, and only describe the evaluation procedure at a high level. For more details on the algorithms and how we evaluated them, consult the extended version of this paper [10].

We evaluated the mapping algorithms with a trace-driven simulator that uses the load traces described in Section 5.1 to synthesize highly realistic execution times. The simulator repeatedly requested that a task with a nominal execution time t_{nominal} be completed in t_{max} seconds and counted the number of successful mapping requests. Communication costs were ignoredŮthe task is entirely compute-bound and requires no inputs or outputs to be communicated. In addition to simulating the mappings chosen by the algorithm being tested, the simulator also simultaneously simulated a random mapping, the best static mapping to an individual host, and the optimal mapping.

Figure 3(a), which is representative of our overall results, illustrates the effect of varying the nominal time, t_{nominal} with a tight deadline of t_{max} = t_{nominal}. Notice that there is a substantial gap between the performance of the optimal mapping algorithm and the performance of random mappings. Further, it is clear that always mapping to the one host does not result in an impressive number of tasks meeting their deadlines. These differences suggest that a good mapping algorithm can make a large difference. We can also see that RangeCounter(W) performs quite well, even for fairly long tasks.

Even with relaxed deadlines, a good mapping algorithm can make a signi^cant difference. Figure 3(b), which is representative of our results, illustrates the effect of relax-

(a) (b)

Fig. 4. Bene^ts of prediction: (a) server machine with 40 users and long term load average of 10, (b) interactive cluster machine with long term load average of 0.17.

ing the deadline t_{max} (normalized to t_{nominal} on the x-axis) on the percentage of tasks that meet their deadlines. Notice that there is a large, persistent difference between random mapping and optimal mapping even with a great deal of slack. Further, using the best single host is suboptimal until the deadline is almost doubled. On the other hand, RangeCounter(W) presents nearly optimal performance even with the tightest possible deadline.

In a real system, the cost of communication will result in fewer deadlines being possible to be met and will tend to encourage the placement of tasks near the data they would consume, and thus possibly reduce the bene^ts of prediction. Still, this study shows that it is possible to meet many deadlines by using prediction to exploit the degree of freedom that being able to run a task on any host gives us.

5.3 Linear time series models for host load prediction

Implicitly predicting the current task’s running time on a particular host based on previous task running times on that host, as we did in the previous section, limits scalability because each application must keep track of running times for every task on every node, and the predictions are all made on a single host.

Because running time is so strongly related to load, as we discussed in Section 5.1, another possibility is to have each host directly measure and predict its own load and then make these predictions available to other hosts. When mapping a task submitted on some host, the best-effort real-time system can use the load predictions and the resource requirements of the task to estimate its running time on each of the other hosts and then choose one where the task is likely to meet its deadline with high con^dence.

Load predictions are unlikely to be perfect, so the estimates of running time are actually con^dence intervals. Better load predictions lead to smaller con^dence intervals, which makes it easier for the mapping algorithm to decide between the available hosts. We have found that very good load predictions that lead to acceptably small con- ^dence intervals can be made using relatively simple linear time series models. Due to space limits, we do not discuss these models here, but interested readers will ^nd Box, et al. [8] to be a worthy introduction. Figure 4 illustrates the bene^ts of such models on (a) a heavily loaded server and (b) a lightly loaded interactive cluster machine. In each of the graphs we plot the length of the con^dence interval for the running time of

(a) (b)

Fig. 5. Performance of 8 parameter host load prediction models for 15 second ahead predictions: (a) All traces, (b) Moderately loaded interactive host.

a one second task as a function of how far ahead the load predictions are made. Figure 4(a) compares the con^dence intervals for a predictive AR(9) model and for the raw variance of the load. Notice that for short-term predictions, the AR(9) model provides con^dence intervals that are almost an order of magnitude smaller than the raw signal. For example, when predicting 5 seconds ahead, the con^dence interval for the AR(9) model is less than 1 second while the con^dence interval for the raw load signal is about 4 seconds. Figure 4(b) shows that such bene^ts are also possible on a very lightly loaded machine.

The prediction process begins by ^tting a model to a history of periodically sampled load measurements. As new measurements become available, they are fed to the ^tted model in order to re^ne its predictions. At any point after the model is ^tted, we can request predictions for an arbitrary number of samples into the future. The quality of predictions for k samples into the future is measured by the k-step ahead mean squared error, which is the average of the squares of the differences between the k-step ahead predictions and their corresponding actual measurements. After some number of new samples have been incorporated, a decision is made to re^t the model and the process starts again. We refer to one iteration of this process as a testcase.

A good model provides consistent predictability of load, by which we mean it satis^es the following two requirements. First, for the average testcase, the model must have a considerably lower expected mean squared error than the expected raw variance of the load. The second requirement is that this expectation is also very likely, or that there is little variability from testcase to testcase. Intuitively, the ^rst requirement says that the model provides good predictions on average, while the second says that most predictions are close to that average.

In a previous paper [11], we evaluated the performance of linear time series models for predicting our load traces using the criterion of consistent predictability discussed above. Although load exhibits statistical properties such as self-similarity (Beran [5] provides a good introduction to self-similarity and long-range dependence) and epochal behavior [9] that suggest that complex, expensive models such as ARFIMA [14] models might be necessary to ensure consistent predictability, we found that relatively simple models actually performed just about as well.

Figure 5(a) shows the performance of 8 parameter versions of the models we studied for 15 second ahead predictions, aggregated over all of our traces, while Figure 5(b) shows the performance on the trace of a single, moderately loaded interactive host. Each of the graphs in Figure 5 is a Box plot that shows the distribution of 15-stepahead (predicting load 15 seconds into the future) mean squared error. The data for the ^gure comes from running a large number of randomized testcases. Each testcase ^ts a model to a random section of a trace and then tests the model on a consecutive ection of random length. In the ^gure, each category is a speci^c model and is annotated with the number of testcases used. For each model, the circle indicates the expected mean squared error, while the triangles indicated the 2.5th and 97.5th percentiles assuming a normal distribution. The center line of each box shows the median while the lower and upper limits of the box show the 25th and 75th percentiles and the lower and upper whiskers show the actual 2.5th and 97.5th percentiles.

Each of the predictive models has a signi^cantly lower expected mean squared error than the expected raw variance of the load (measured by the MEAN model) and there is also far less variation in mean square error from testcase to testcase. These are the criteria for consistent predictability that we outlined earlier. Another important point is that there is little variation in the performance across the predictive models, other than that the MA model does not perform well. This is interesting because the ARMA, ARIMA, and especially the long-range dependence capturing ARFIMA models are vastly more expensive to ^t and use than the simpler AR and BM models. An important conclusion of our study is that reasonably high order AR models are suf^cient for predicting host load. We recommend AR(16) models or better.

5.4 Network prediction

Predicting network traf^c levels is a challenging task due to the large numbers of machines which can create traf^c over a shared network. Statistical models are providing a better understanding of how both wide-area [1, 18] and local-area [22] network traf^c behave. Successes have been reported in using linear time series models to predict both long term [13] and short term [3] Internet traf^c. These results and systems such as NWS [23] and Remos [17] are being developed to provide the predictions of network performance that are needed to provide best effort real-time service. For applications which are interested in predicting the behavior of a link on which they are already communicating on, passive monitoring may be appropriate [7, 19].

6 Conclusion

We have identi^ed two applications (QuakeViz, which we analyzed here, and Open- Map, analyzed in [10]) which can bene^t from a best-effort real-time service. Without such a service, people using such interactive applications would face a choice between acquiring other, possibly reserved or dedicated resources or running the application at degraded quality.

The success of best-effort real-time depends on the accuracy of the predictions of resource availability. We have shown that CPU load can be predicted with a high degree of accuracy using simple history-based time series models. When combined with currently available network information systems, these resources allow decisions to be made for locating tasks and selecting application parameters to provide a usable system.

References

1. BALAKRISHNAN, H., STEMM, M., SESHAN, S., AND KATZ, R. H. Analyzing stability in wide-area network performance. In Proceedings of SIGMETRICS’97 (1997), ACM, pp. 2Ű 12.

2. BAO, H., BIELAK, J., GHATTAS, O., KALLIVOKAS, L. F., O’HALLARON, D. R., SHEWCHUK, J. R., AND XU, J. Large-scale Simulation of Elastic Wave Propagation in Heterogeneous Media on Parallel Computers. Computer Methods in Applied Mechanics and Engineering 152, 1Ű2 (Jan. 1998), 85Ű102.

3. BASU, S., MUKHERJEE, A., AND KLIVANSKY, S. Time series models for internet traf^c.

Tech. Rep. GIT-CC-95-27, College of Computing, Georgia Institute of Technology, February 1995.

4. BBN CORPORATION. Distributed spatial technology laboratories: Openmap. (web page).

http://javamap.bbn.com/.

5. BERAN, J. Statistical methods for data with long-range dependence. Statistical Science 7, 4 (1992), 404Ű427.

6. BESTAVROS, A., AND SPARTIOTIS, D. Probabilistic job scheduling for distributed real-time applications. In Proceedings of the First IEEE Workshop on Real-Time Applications (May 1993).

7. BOLLIGER, J., GROSS, T., AND HENGARTNER, U. Bandwidth modelling for networkaware applications. In Proceedings of Infocomm’99 (1999). to appear.

8. BOX, G. E. P., JENKINS, G. M., AND REINSEL, G. Time Series Analysis: Forecasting and Control, 3rd ed. Prentice Hall, 1994.

9. DINDA, P. A. The statistical properties of host load. In Proc. of 4th Workshop on Languages, Compilers, and Run-time Systems for Scalable Computers (LCR’98) (Pittsburgh, PA, 1998), vol. 1511 of Lecture Notes in Computer Science, Springer-Verlag, pp. 319Ű334. Extended version available as CMU Technical Report CMU-CS-TR-98-143.

10. DINDA, P. A., LOWEKAMP, B., KALLIVOKAS, L. F., AND O’HALLARON, D. R. The case for prediction-based best-effort real-time systems. Tech. Rep. CMU-CS-TR-98-174, School of Computer science, Carnegie Mellon University, 1998.

11. DINDA, P. A., AND O’HALLARON, D. R. An evaluation of linear models for host load prediction. Tech. Rep. CMU-CS-TR-98-148, School of Computer Science, Carnegie Mellon University, November 1998.

12. EMBLEY, D. W., AND NAGY, G. Behavioral aspects of text editors. ACM Computing Surveys 13, 1 (January 1981), 33Ű70.

13. GROSCHWITZ, N. C., AND POLYZOS, G. C. A time series model of long-term NSFNET backbone traf^c. In Proceedings of the IEEE International Conference on Communications (ICC’94) (May 1994), vol. 3, pp. 1400Ű4.

14. HOSKING, J. R. M. Fractional differencing. Biometrika 68, 1 (1981), 165Ű176. 15. JENSEN, E. D., LOCK, C. D., AND TOKUDA, H. A time-driven scheduling model for realtime operating systems. In Proceedings of the Real-Time Systems Symposium (Februrary 1985), pp. 112Ű122.

16. KOMATSUBARA, A. Psychological upper and lower limits of system response time and user’s preferance on skill level. In Proceedings of the 7th International Conference on Human Computer Interaction (HCI International 97) (August 1997), G. Salvendy, M. J. Smith, and R. J. Koubek, Eds., vol. 1, IEE, pp. 829Ű832.

17. LOWEKAMP, B., MILLER, N., SUTHERLAND, D., GROSS, T., STEENKISTE, P., AND SUBHLOK, J. A resource monitoring system for network-aware applications. In Proceedings of the 7th IEEE International Symposium on High Performance Distributed Computing (HPDC) (July 1998), IEEE, pp. 189Ű196.

18. PAXSON, V., AND FLOYD, S. Wide-area traf^c: The failure of poisson modeling.

IEEE/ACM Transactions on Networking 3, 3 (June 1995), 226Ű244.

19. SESHAN, S., STEMM, M., AND KATZ, R. H. SPAND: Shared passing network performance discovery. In Proceedings of the USENIX Symposium on Internet Technologies and Systems (December 1997), pp. 135Ű46.

20. STANKOVIC, J., AND RAMAMRITHAM, K. Hard Real-Time Systems. IEEE Computer Society Press, 1988.

21. WALDSPURGER, C. A., AND WEIHL, W. E. Lottery scheduling: Flexible proportionalshare resource management. In Proceedings of the First Symposium on Operating Systems Design and Implementation (1994), Usenix.

22. WILLINGER, W., MURAD S, T., SHERMAN, R., AND WILSON, D. V. Self-similarity through high-variability: Statistical analysis of ethernet lan traf^c at the source level. In Proceedings of ACM SIGCOMM ’95 (1995), pp. 100Ű113.

23. WOLSKI, R. Dynamically forecasting network performance to support dynamic scheduling using the network weather service. In Proceedings of the 6th High-Performance Distributed Computing Conference (HPDC) (August 1997).