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�An extended abstract of this paper will be presented at the 4th Workshop on Algorithms and Data Structures,Kingston, Ontario, Canada, August, 1995. Research supported in part by the National Science Foundation, by theU.S. Army Research O�ce, and by the O�ce of Naval Research and the Advanced Research Projects Agency.



1 IntroductionInput/Output (I/O) communication between fast internal memory and slower external memoryis the major bottleneck in many large-scale applications. The signi�cance of this bottleneck isincreasing as internal computation gets faster, and especially as parallel computing gains popularity.Due to this important fact, more and more attention has been given to the development of I/O-e�cient algorithms in recent years. Most of the developed algorithms, however, are shown to bee�cient only in theory, and their performance in practice is yet to be evaluated. In particular,all such algorithms assume that the internal computation is free compared to the I/O cost, whichalso has to be justi�ed in practice. In this paper, we establish the practical e�ciency of one suchalgorithm by an extensive experimental study.1.1 Previous Related WorkAs mentioned above, most of the previous work on I/O-e�cient computation is theoretical. Earlywork on algorithms for parallel disk systems concentrates largely on fundamental problems suchas sorting, matrix multiplication, and FFT [1, 24, 31]. The main focus of this early work istherefore directed at problems that involve permutation at a basic level. Indeed, just the problemof implementing various classes of permutation has been a central theme in external-memory I/Oresearch [1, 12, 13, 15, 31].More recently, external-memory research has moved towards solving graph and geometric prob-lems. Work on graph problems includes transitive closure computations [28], some graph traversalproblems [19], and memory management problems for maintaining connectivity information andpaths on graphs [16]. Recently, Chiang et al. [10] present a collection of new techniques for de-signing and analyzing I/O-e�cient graph algorithms, and apply these techniques to a wide varietyof speci�c problems. For geometric problems, Goodrich et al. [20] study a number of problems incomputational geometry and develop several paradigms for I/O-optimal geometric computations.Further results in this area have been obtained in [17, 32]. Also, Kanellakis et al. [21] and Ra-maswamy and Subramanian [26, 27] give e�cient data structures for performing range searchingin external memory. Very recently, a new data structure called bu�er tree and its applications aregiven in [2, 3], and an external-memory version of the directed topology tree ([18]) called topologyB-tree is given in [9].For excellent examples of experimental work in computational geometry, see Bentley [5, 6,7, 8]. As for experimental work on I/O-e�cient computation, very recently Vengro� has builtan environment called TPIE for programming external-memory algorithms as he proposed earlierin [29], and also Vengro� and Vitter [30] have reported some benchmarks of TPIE on sorting andmatrix multiplication. This work, however, is mainly on providing a programming environment andnot on performance comparisons between external-memory algorithms and conventional algorithms.Other than this, we do not know of any previous experimental work on I/O-e�cient computation.1.2 Our ResultsWe present an extensive experimental study comparing the performance of four algorithms for thefollowing orthogonal segment intersection problem: given a set of horizontal and vertical line seg-ments in the plane, report all intersecting horizontal-vertical pairs. The problem has importantapplications in VLSI layout and graphics, which are large-scale in nature. The algorithms underevaluation are distribution sweep of Goodrich et al. [20] and three variations of plane sweep [25].Distribution sweep theoretically has optimal I/O cost [20]. Plane sweep is a well-known and pow-erful technique in computational geometry, and is optimal for this particular problem in terms1



of internal computation [25]. The three variations of plane sweep di�er by the sorting methods(external merge sort [1] vs. internal merge sort) used in the preprocessing phase and the dynamicdata structures (B tree [4, 11, 14] vs. 2-3-4 tree [14]) used in the sweeping phase. We generate thetest data by three programs that use a random number generator while producing some interestingproperties that are predicted by our theoretical analysis. The sizes of the test data range from250 thousand segments to 2.5 million segments. The experiments provide detailed quantitativeevaluation of the performance of the four algorithms, and the observed behavior of the algorithmsis consistent with their theoretical properties.The contribution of this work can be summarized as follows:� We have presented the �rst experimental work comparing the practical performance betweenexternal-memory algorithms and conventional algorithms with large-scale test data.� We have generated test data with interesting properties that are predicted by our theoreticalanalysis. In particular, we give techniques for analyzing the expected number of intersec-tions and the average number of vertical overlaps among vertical segments in the data setsgenerated, which may be of independent interest.� We have implemented distribution sweep, three variations of plane sweep and external mergesort under a uniform experimental framework so that some resource usage can be parameter-ized and various statistic information related to performance can be obtained and analyzed.The implementations handle all degeneracies and are robust.� We have presented the �rst experimental study on the four algorithms for the important or-thogonal segment intersection problem with large-scale test data, and established the practicale�ciency of distribution sweep.1.3 Organization of the PaperThe rest of the paper is organized as follows. In Section 2 we overview the four algorithms underevaluation. Details on the experimental setting are given in Section 3. In Section 4, we summarizeour experimental results in nine charts and give a comparative analysis of the performance of thefour algorithms. Finally, we conclude the paper in Section 5.2 The Algorithms Under EvaluationThe four algorithms considered in this paper are distribution sweep, denoted Distribution, andthree variations of plane sweep, denoted B-Tree, 234-Tree, and 234-Tree-Core, described next.To discuss the time complexity, let N be the total number of segments in the given input, K thenumber of intersecting pairs that must be reported, and M and B the numbers of segments thatcan �t into the main memory and into a page, respectively. Each I/O operation transfers one pageof data.2.1 Three Variations of Plane SweepThe well-known plane sweep paradigm [25] is a powerful technique in computational geometry, andis optimal for the orthogonal segment intersection problem in terms of internal computation. Themethod consists of preprocessing and sweeping phases. In the preprocessing phase, we sort allendpoints by the y-coordinates in non-decreasing order. In the sweeping phase, we (conceptually)use a horizontal sweep line to sweep the plane from bottom to top, and use a dynamic data structure,typically a search tree, to keep the objects currently intersecting the sweep line. Operations (object2



insertions/deletions or queries) are performed only when some events are encountered by the sweepline. In our problem, the objects being maintained are vertical segments, and the events arethe endpoints of all segments. When a bottom endpoint of a vertical segment is encountered, itis inserted to the data structure; the segment remains intersecting the sweep line until its topendpoint is encountered, at which time it is deleted from the data structure. When an endpoint ofa horizontal segment s is encountered, we search the data structure to �nd and report all verticalsegments intersecting s, i.e., those segments whose x-coordinates are contained in the x-intervalspanned by s. The sequence of events during the sweeping process is given by sorting in thepreprocessing phase. Using any dynamic balanced tree, plane sweep takes optimal O(N logN)time in terms of internal computation.Our three variations of plane sweep di�er by the sorting methods and the dynamic data struc-tures used. The �rst variation, B-Tree, uses external merge sort [1] and a B tree [4, 11, 14]; this isa direct way to implement plane sweep in secondary memory. The number of I/O operations per-formed in the �rst phase is optimal O(NB logMB NB ) [1], and in the second phase is O(N logB NB + KB ).The second variation, 234-Tree, uses external merge sort and a 2-3-4 tree [14], viewing the in-ternal memory as having an in�nite size and letting the virtual memory feature of the OS handlepage faults during the second (sweeping) phase. It has the same I/O cost in the �rst phase andO(N logN + KB ) I/O cost in the second phase. Finally, the third variation, 234-Tree-Core, usesinternal merge sort and a 2-3-4 tree, letting the OS handle page faults all the time. The I/O costs inthe �rst and second phases are O(N logN) and O(N logN+ KB ), respectively. Viewing the internalmemory as virtually having an in�nite size is conceptually the simplest, and is actually the mostcommonly used strategy today in practice.2.2 Distribution SweepDistribution sweep [20] is an external-memory version of plane sweep based on the subdivisiontechnique used in the \distribution sort" algorithms of [1, 23, 31]. When applied to the orthogonalsegment intersection problem, it works as follows.In the preprocessing phase, we sort the endpoints of all segments into two lists, one by x andthe other by y. Again we use external merge sort. The list sorted by x is used to locate the medianswhich we will use to split the input into bMB c vertical strips. The list sorted by y is used to performthe sweep, moving bottom up. Associated with each strip 
i is an active list Ai that maintains thevertical segments inside 
i that intersect the horizontal sweep line.During the sweep, if the bottom endpoint of a vertical segment is encountered, it is insertedinto the active list Ai of the strip in which the segment lies, and later it is deleted from Ai whenits top endpoint is encountered. When an endpoint of a horizontal segment s is met, we locate thetwo strips 
i and 
j containing the two endpoints of s, i <= j, and report all vertical segmentscurrently in the active lists Ai+1; :::; Aj�1. Note that strips 
i+1; :::; 
j�1 are completely spannedhorizontally by s. This reports all vertical segments intersecting s except for those lying in 
i and
j , which will be processed in the next level of recursion. After the sweep is complete in the toplevel, we recursively perform the same procedure to each strip 
i. The recursive process continuesuntil the size of the subproblem falls below M , at which time we simply solve the problem in mainmemory.Based on the above idea, distribution sweep actually uses a \lazy deletion" policy. Each ac-tive list Ai can be viewed as a stack with the topmost block maintained in the internal memory.Whenever the internal block is full, it is written to the external memory. Now, the top endpoints ofvertical segments become \no action" events, and the deletions are performed during reporting: inthe reporting process, instead of just reporting each vertical segment t in active list Ai, we check the3



top endpoint of t to see if its deletion time has passed. If so we delete t, otherwise we report t andretain t in Ai. The total I/O cost is O(NB logMB NB + KB ), which is optimal. Notice that distributionsweep needs two sortings as opposed to just one sorting in plane sweep.3 Experimental Setting3.1 Generation and Analysis of the Test DataWe use three programs to generate our test data; all of them use a random number generator thatgives a uniform distribution. The programs randomly generate several attributes of a segment suchas its length, position, and whether it is horizontal or vertical, and also maintain certain simplestructures to make the test data interesting.We must use the random number generator carefully to obtain interesting test data. Observethat if we just randomly generate segments with lengths uniformly distributed over [0; N ], placethem randomly (and uniformly in each dimension) in a square with side length N , and makehorizontal and vertical segments equally likely to occur, then the number K of intersections is�(N2) (obtained by the analysis given below). In this case, any algorithm has 
(N2B ) reportingI/O cost, which dominates the searching I/O costs in all four algorithms under evaluation. In fact,the following brute-force algorithm performs equally well: for each segment, check all the otherN � 1 segments for intersections; the I/O cost is O(N � NB ) = O(N2B ). Certainly this kind of testdata is undesirable.Our three programs are denoted gen-short, gen-long, and gen-rect, and the data sets gen-erated are correspondingly denoted data-short, data-long and data-rect. We try to generatetest data with small number of intersections so that the searching I/O cost dominates the report-ing cost. Also, it is conceivable that the number of vertical overlaps among vertical segments ata given time decides the tree size in that moment of plane sweep and also the total size of theactive lists at that time of distribution sweep. Thus the number of vertical overlaps may a�ect theperformance of the four algorithms. Our three programs generate test data with distinct structuresregarding the number of intersections and the number of vertical overlaps. Also, all three programsdecide whether the current segment being generated is horizontal or vertical by tossing a fair coin(simulated by using the random number generator).Program gen-short generates short segments whose lengths are uniformly distributed over[0;pN ]. The segments are randomly placed in an N �N square Q. More speci�cally, for the leftendpoints of horizontal segments, the distances to the left and bottom sides of Q are uniformlydistributed over [0; N � pN ] and over [0; N ], respectively. Similarly, for the bottom endpoints ofvertical segments, the distances to the left and bottom sides of Q are uniformly distributed over[0; N ] and over [0; N�pN ], respectively. To simplify the discussion, we assume that the coordinateof the lower-left corner of Q is (0; 0) (in the actual program this coordinate is (�0:5N;�0:5N)).We now analyze the expected number of horizontal-vertical intersecting pairs in data-short.LetK be a random variable for the number of such pairs. We can expressK byK =P1�i;j�N; i 6=j Kij ,where for 1 � i; j � N , i 6= j, Kij is a 0-1 random variable de�ned byKij = ( 1 if segment si is horizontal, segment sj is vertical, and si \ sj 6= ;0 otherwise.Clearly, we havePrfKij = 1g = Prfsi is horizontal and sj is verticalg � Prfhorizontal si \ vertical sj 6= ;g:4



The �rst term is 12 � 12 = 14 , so let us focus on computing the second term. In the following, si ishorizontal and sj is vertical. For si and sj to intersect, the y-coordinate of si is contained in they-interval spanned by sj (denoted by y(si) 2 Iy(sj)), and similarly for the x-dimension. De�ne P0to be the conditional probability Prfy(si) 2 Iy(sj) j y(b(sj)) = t; jsj j = hg, where y(b(sj)) is they-coordinate of the bottom endpoint of sj , and jsj j is the length of sj . For any t 2 [0; N�pN ] andh 2 [0;pN ] we have P0 = Prfy(si) 2 [t; t+ h] j y(b(sj)) = t; jsj j = hg = hN , since y(si) is uniformlydistributed over [0; N ]. Let f(t) be the probability density function of y(b(sj)). Since P0 = hN isindependent of t, we have Prfy(si) 2 Iy(sj) j jsj j = hg = R+1�1 P0 � f(t) dt = P0 � R+1�1 f(t) dt = hN .Moreover, Prfy(si) 2 Iy(sj) j jsj j = h; jsij = wg = Prfy(si) 2 Iy(sj) j jsj j = hg = hN , sinceevents fy(si) 2 Iy(sj)g and fjsij = wg are conditionally independent given jsj j = h. By a similarargument, we have Prfx(sj) 2 Ix(si) j jsj j = h; jsij = wg = wN , and therefore Prfsi \ sj 6= ; j jsj j =h; jsij = wg = hN � wN . Now jsj j is uniformly distributed over [0;pN ], namely,g(h) = ( 1pN if 0 � h � pN0 otherwiseis the probability density function of jsj j; similarly for jsij. ThusPrfhorizontal si \ vertical sj 6= ;g = Z +1�1 Z +1�1 hN � wN � g(h) � g(w) dh dw = 14N :Therefore we have PrfKij = 1g = 116N . It follows that E[K] = N(N � 1) � E[Kij] = 116(N � 1).Figure 1 shows the actual numbers of intersections with respect to data size N , for all three datasets generated. The observed K values are indeed 116N for data-short.
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Let V be a random variable for the number of vertical segments cut by l for an event. Our goalis to compute E[V ]. We can express V by V = V1 + V2 + � � �+ VN , where for 1 � j � N , Vj is a0-1 random variable de�ned byVj = ( 1 if segment sj is vertical and sj \ l 6= ;0 otherwise.Clearly, we have PrfVj = 1g = Prfsj is verticalg �Prfvertical sj \ l 6= ;g: (1)The �rst term is 12 , so let us compute the second term. In the following sj is vertical. If y(l) wereuniformly distributed over [0; N ], then letting l play the role of a horizontal segment si and applyingthe previous method for E[K], we would have Prfsj \ l 6= ; j jsj j = hg = Prfy(l) 2 Iy(sj) j jsj j =hg = hN , and PrfVj = 1g could be computed accordingly. But this is not the case.Recall that the positions of l depend on the positions of the events. Let the probability densityfunction of y(l) be de�ned byk(u) = 8>>><>>>: k1(u) if 0 � u < pNk2(u) if pN � u � N � pNk3(u) if N �pN < u � N0 else.If there were only horizontal segments, then we would have k1(u) = k2(u) = k3(u) = 1N . Nowconsider including also the vertical segments. There is no bottom endpoint q with y(q) 2 (N �pN;N ], so k3(u) < 1N . Also, for a top endpoint q to have y(q) = u for some u 2 [0;pN) (e.g.,u = 12pN), the length of the corresponding vertical segment must not exceed u, while there isno such restriction on a top endpoint with y-coordinate in [pN;N � pN ]. Therefore we havek1(u) < 1N and k2(u) � 1N . To compute PrfVj = 1g, we proceed in a di�erent way.De�ne P to be the conditional probability Prfsj \ l 6= ; j y(l) = u; jsjj = hg. By the factthat y(b(sj)) is uniformly distributed over [0; N � pN ] and the analysis shown in Fig. 2, we havethat P = hN�pN for pN � u � N � pN (see Fig. 2(b)) and P = minfu;hgN�pN for 0 � u < pN (seeFig. 2(a)). As for N � pN < u � N (see Fig. 2(c)), note that P = h�tN�pN if h � t and P = 0 ifh < t, and thus P = lenN�pN where len = maxfh� t; 0g = maxfh� u +N � pN; 0g. In summary,we haveP def= Prfsj \ l 6= ; j y(l) = u; jsj j = hg = 8>>>>><>>>>>: minfu;hgN�pN def= P1 if 0 � u < pNhN�pN def= P2 if pN � u � N � pNmaxfh�u+N�pN;0gN�pN def= P3 if N �pN < u � N0 else.Observe that minfu; hg � h and that maxfh � u +N � pN; 0g � h for u > N � pN , so wehave P � hN�pN for u 2 [0; N ]. Recall that the probability density function of jsj j is g(h) givenbefore. Let eP denote the probability Prfvertical sj \ l 6= ;g. TheneP = Z +1�1 Z +1�1 P � k(u) g(h) dudh� Z pN0 Z N0 hN �pN k(u) 1pN du dh = Z pN0 hN � pN 1pN  Z N0 k(u) du! dh = 12 1pN � 1 ;6
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Notice that the running time is our ultimate concern. Unlike previous experimental work, theCPU time does not correctly re
ect the performance of the algorithms we want to measure, sinceour main concern is the amount of time in which the CPU is sleeping waiting for the I/O or pagefaults. To overcome the di�culty, we perform all experiments by running the processes in the real-time class with the highest priority and measure the elapsed time. Also, the secondary memoryused is the local disk so that the performance is not a�ected by the network �le servers.We are surprised to �nd that the system does not fully support performance statistic informa-tion. For example, it is claimed that user commands time and timex give CPU and elapsed timesas well as numbers of I/O and page faults, etc., but it turns out that only the information regardingtimes are available. By using a system call in our program to retrieve the information in the /proc�le system, we are able to obtain the number of page faults that require physical I/O's, yet thenumbers of pages read and written by the process are still unavailable. Therefore, we also keeptrack of the numbers of times the read and write system calls are executed, where each time thesize of the data being transferred is one page by our implementation.We implement the algorithms so that the amount of main memory used can be parameterized.It is surprising that the main memory size available for use is typically much smaller than what wethought. When we run Distribution on data-long of 1:5 � 106 segments with various sizes ofmain memory used (see Fig. 4), in theory we would expect that using more main memory resultsin a better performance according to the I/O cost bound O(NB logMB NB + KB ), but the experimentsshow that using 4Mb gives the best performance (average running time 47.64 minutes), and using20Mb gives a signi�cantly worse performance (average running time 271.97 minutes)! Going from1Mb to 4Mb, the number of I/O operations slightly decreases, and the number of page faultsincreases slightly yet negligibly; the net e�ect is to make the running time decrease slightly (seeFig. 4). Going from 4Mb to 20Mb, the number of I/O operations again decreases only slightly,but the number of page faults increases signi�cantly, thus resulting in a much worse performance(see Fig. 4). This is actually a system issue. Using the top user command, we see that the \real"main memory size in the system con�guration is only 26Mb rather than 32Mb and that processes(including their text, data, and stack portions) are never fully loaded into the main memory. Theprocess loading behavior is decided by the OS and the user has no control over it. In the following,all the algorithms are running with the parameters of the main memory size set to 4Mb.4 Analysis of the Experimental ResultsAlgorithms Distribution, B-Tree, 234-Tree, and 234-Tree-Core have been executed on datasets data-short, data-long, and data-rect, with data sizes ranging from 250 thousand segmentsto 2.5 million segments. While running times and numbers of page faults may di�er between runsof the same example, the numbers of I/O operations are always the same. We run each examplethree times, and �nd that the variation among runs is at most 5%. More importantly, thesedi�erences among runs do not a�ect the performance ranking of the four algorithms. Figures 5{7show the corresponding values of average running times, exact numbers of I/O operations, andaverage numbers of page faults of the four algorithms.Our experimental results show that while the performance of the three variations of plane sweepdepends heavily on the average number of vertical overlaps, the performance of distribution sweepis both steady and e�cient. Also, distribution sweep does not require a large amount of mainmemory to perform well: using 4Mb is enough. We make more detailed observations as follows:� 234-Tree-Core performs the best for small input (N = 250� 103) in all three data sets (seeFigs. 5{7), but as input size grows, the performance becomes considerably worse, and up to9
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* X-axis: size of the main memory used (Mb)Figure 4: Running Distribution on data set data-long of 1:5 � 106 segments with varioussizes of the main memory used: (a) average running times in minutes; (b) exact numbers of I/Ooperations; (c) average numbers of page faults. 10



(a)

0 500 1000 1500 2000 2500

0.00

20.00

40.00

60.00

80.00

100.00

120.00

140.00

160.00

180.00

200.00

220.00

240.00
 data-short: time (mins)

Distribution

B-Tree

234-Tree

234-Tree-Core

0 500 1000 1500 2000 2500

0
500000

1000000
1500000
2000000
2500000
3000000
3500000
4000000
4500000
5000000
5500000
6000000
6500000
7000000

data-short: I/O

Distribution

B-Tree

234-Tree

234-Tree-Core

(b)

0 500 1000 1500 2000 2500

0

100000

200000

300000

400000

500000

600000

700000

800000

900000

1000000

1100000data-short: fault

Distribution

B-Tree

234-Tree

234-Tree-Core

(c)

* X-axis: # segments (x 1000)Figure 5: The results for the algorithms running on data set data-short: (a) average runningtimes in minutes; (b) exact numbers of I/O operations; (c) average numbers of page faults. We run234-Tree-Core only up to N = 106 since at this point it already takes time much longer than theothers even at N = 2:5� 106. 11
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* X-axis: # segments (x 1000)Figure 6: The results for the algorithms running on data set data-long: (a) average runningtimes in minutes; (b) exact numbers of I/O operations; (c) average numbers of page faults. We run234-Tree-Core only up to N = 106 and 234-Tree only up to N = 1:7� 106 since at these pointsthey already take times much longer than the others even at N = 2:5� 106.12
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* X-axis: # segments (x 1000)Figure 7: The results for the algorithms running on data set data-rect: (a) average runningtimes in minutes; (b) exact numbers of I/O operations; (c) average numbers of page faults. We run234-Tree-Core only up to N = 1:1� 106 and 234-Tree only up to N = 1:37� 106 since at thesepoints they already take times much longer than the others even at N = 2:5� 106.13



N = 106 its running times are already out of comparison.� Consider data set data-short (see Fig. 5). Excluding 234-Tree-Core, 234-Tree alwaysruns the fastest and Distribution always runs the slowliest. This can be explained by thesmall numbers of vertical overlaps which results in small tree sizes that still �t into the mainmemory. Also, Distribution performs two sortings, while all the others perform only onesorting.� For data set data-long (see Fig. 6), Distribution runs much faster than all the others forN � 1:5� 106. 234-Tree, following 234-Tree-Core after N � 106, is out of comparison forits running times and numbers of page faults after N � 1:7 � 106. The running times andnumbers of I/O operations of B-Tree are still more or less linear, and are always worse thanthose of Distribution.� For data set data-rec (see Fig. 7) with N � 106, Distribution performs the fastest, andthe running times of the four algorithms di�er signi�cantly. For example, for N = 1:37� 106and on average, Distribution runs for 45.29 minutes, B-Tree runs for 74.54 minutes, but234-Tree runs for more than 10.5 hours. Also, for N = 2:5� 106, Distribution always runsfor less than 1.5 hours, but B-Tree always runs for more than 8.5 hours.� For all three data sets, 234-Tree and 234-Tree-Core always have small numbers of I/Ooperations (see Figs. 5(b), 6(b), and 7(b)). This is because in the sweeping phase bothof them only perform read for reading the input once and write for writing the outputonce, and all other I/O activities are page faults caused by the assumption of an in�nite-sizevirtual memory. Also, Distribution always has much less I/O operations than B-Tree (seeFigs. 5(b), 6(b), and 7(b)). Recall that the I/O cost bounds for Distribution and B-Treeare O(NB logMB NB + KB ) and O(N logB NB + KB ), respectively. With the parameters of the mainmemory size set to 4Mb, the two logarithmic terms in these bounds are almost the same, andit is the 1B term that makes the di�erence signi�cant.� Page faults seem to be more time-consuming than I/O operations (see Figs. 5{7). This isbecause the number of I/O operations is obtained by counting the number of times the readand write system calls are executed, and thus some of them might be executed for pagesthat are still residing in main memory (i.e., in the system bu�er cache), while the numberof page faults only counts for those that actually require physical I/O's. We hope that theactual number of I/O operations can be available by a better system support in the future.5 ConclusionWe have presented an experimental study comparing the performance of four algorithms for theorthogonal segment intersection problem. The observed behavior of the algorithms shows that theperformance of distribution sweep is both steady and e�cient. Also, it does not require a largeamount of main memory to perform well. In addition, it is shown that the performance resultingfrom the strategy of letting the OS handle page faults and not explicitly considering the I/O costis very undesirable. We conclude that one should make a full control of the I/O behavior of theprogram to obtain a good performance guarantee.AcknowledgementI would like to thank Roberto Tamassia for a lot of stimulating discussions, and Tom Doeppnerand Peter Galvin for providing me useful information about our computing systems.14
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