2 Scalable Computing: Practice and Experience ISSN 1895-1767
.. Volume 10, Number 2, pp. 173{187.http://www.scpe.org 2009 SCPE
EXPERIENCES WITH MESH-LIKE COMPUTATIONS USING PREDICTION BINARY
TREES

GENNARO CORDASCO Y BIAGIO COSENZA Y ROSARIO DE CHIARA Y UGO ERRA ? AND VITTORIO SCARANO Y

Abstract. In this paper we aim at exploiting the temporal coherence amo ng successive phases of a computation, in order
to implement a load-balancing technique in mesh-like compu tations to be mapped on a cluster of processors. A key concept , on
which the load balancing schema is built on, is the use of a Pre dictor component that is in charge of providing an estimatio n of
the unbalancing between successive phases. By using this in formation, our method partitions the computation in balanc  ed tasks
through the Prediction Binary Tree (PBT). At each new phase, current PBT is updated by using previous phase computing tim e
for each task as next-phase's cost estimate. The PBT is desig ned so that it balances the load across the tasks as well as red uces
dependency among processors for higher performances. Reducing dependency is obtained by using rectangular tiles of the mesh,
of almost-square shape (i. e. one dimension is at most twice t he other). By reducing dependency, one can reduce inter-pro cessors
communication or exploit local dependencies among tasks (s uch as data locality). Furthermore, we also provide two heur istics which
take advantage of data-locality. Our strategy has been asse ssed on a signi cant problem, Parallel Ray Tracing. Our impl  ementation
shows a good scalability, and improves performance in both ¢ heaper commodity cluster and high performance clusters wit h low
latency networks. We report di erent measurements showing  that tasks granularity is a key point for the performances of  our
decomposition/mapping strategy.

Key words:  scheduling, load balancing, performance prediction, mesh -like computation, performance evaluation.

1. Introduction.

1.1. Parallel Computing. The evolution of computer science in the last two decades habeen charac-
terized by the architectural shift that has brought central ized computation paradigm toward distributed archi-
tectures where data processing and data storing are coopeieely performed on several nodes, interconnected
by a network.

The problem of scheduling a parallel program to a set of homogneous processors for minimizing the
completion time (that is the time when the last processor conpletes its job) of the program has been extensively
studied (see [11] for a comprehensive presentation). Inddedividing a computation (henceforth, decompositior)
into smaller computations (taskg and assigning them to di erent processors for parallel exeutions (named
mapping), represent two key steps in the design of parallel algoritims [12]. The whole computation is usually
represented via adirected acyclic graph(DAG) G = fN ; Egwhich consists of a set of node#l representing the
tasks and a set of edge& representing interactions and/or dependencies among task

The number and, consequently, the size of tasks into which aigen computation is decomposed determines
the granularity of the decompaosition. It may appear that the time required to solve a problem can be easily
reduced, by simply increasing the granularity of decompodion, in order to perform more and more tasks in
parallel, but this is not always true. Typically, interacti ons between tasks, and/or other important factors, limit
our choice to coarse-grained granularity. Indeed, when thdasks being computed are mutually independent,
the granularity of the decomposition does not a ect the performances. However, dependencies among tasks
incur inevitable communication overhead when tasks are asgned to di erent processors. Moreover, the ner is
the adopted granularity by the system, the more is the generged inter-tasks communication. The interaction
between tasks is a direct consequence of the fact that exchging information (e.g. input, output, or intermediate
data) is usually needed.

A good mapping strategy should strive to achieve two con icting goals: (1) balance the overall load dis-
tribution, and (2) minimize tasks inter-processors dependency by mapping tasks with a high degree of mutual
dependency onto the same processor. As an example of dependg many mapping strategies exploits tasks'
locality to reduce inter-processors communications[16] but it should be emphasized that dependency can also
refer to other issues such as locality of access to memory (ective usage of caching).

The mapping problem becomes quite intricate if one has to cosider that: (1) task sizes are not uniform,
that is, the amount of time required by each task may vary sigricantly; (2) task sizes are not known a
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Fig. 1.1 . Interaction between components of a Parallel Scheduler; ar rows indicate how components in uence each others:
(left) Traditional approach; (right) Our system with the Pr edictor.

priori; (3) di erent mapping strategies may provide di ere nt overheads (such as scheduling and data-movement
overhead). Indeed, even when task sizes are known, in genéréghe problem of obtaining an optimal mapping
is an NP-complete problem for non-uniform tasks (to wit, it can be reduced to the 0-1 Knapsack problem [7]).

Mesh-like computations . In this paper, we focus our study on mesh-like computations,where a set
of t independent tasks are represented as items in a bidimensiah mesh. Edges among items in this mesh
represent tasks dependencies. In particular, we are intested in tiled mapping strategies where the whole mesh
is partitioned into m tiles (i. e., contiguous 2-dimensional blocks of items). Tiles hae almost-square shape, that
is, one dimension is at most twice the other: in this way, assming the load in processors is balanced (in terms of
nodes), the dependencies inter-processors are minimizecetause of isoperimetric inequality in the Manhattan
grid.

Tiled mappings are particularly suitable to exploit the local dependencies among tasks, be it théocality of
interaction, i. e., when computation of an item requires other nearby itens in the mesh or when there is apatial
coherence i. e., when computation of neighbors item access to some canon data. Hence, tiled mapping, in
the former case, reduces the interaction overhead, and, inhie latter case, improves the reuse of recently data
access (cache).

We are interested in decomposition/mapping strategy for sep-wise mesh-like computations, i. e. data is
computed in successive phases. We assume that each task sigeroughly similar among consecutive phases,
that is, the amount of time required by item p in phasef is comparable to the amount of time required byp in
phasef + 1 (temporal coherencg.

1.2. Our result. In this paper we present a decomposition/mapping strategy ér parallel mesh-like com-
putations that exploits the temporal coherence, among comptation phases, to perform load balancing on tasks.
Our goal is to use temporal coherence to estimate the computig time of a new computation phase using previous
phase computing time.

We introduce an iterative novel approach to implement deconposition/mapping scheduling. Our solution
(see Figure 1.1) introduces a new component in the system digm, dubbed Predictor that is in charge of
providing an estimation of the computation time needed by a dven tile, at each \phase".

The key idea is that, by using the Predictor, it is possible to obtain a balanced decomposition without
using a ne-grained granularity that may increase the inter-tasks communication of the systems, due to the
interaction between clients, and, therefore, may harm the grformances of the whole computation.

Our strategy performs a semi-static load balancing (decigins are made before each computing phase).
Temporal coherence is exploited using @&rediction Binary Tree where each leaf represents a tile which will be
assigned to a worker as a task. At the beginning of every new gse, the mapping strategy, taking into account
the previous phase times as estimates, evaluates the chanoé updating the binary tree. Due to the temporal
coherence property it provides a roughly balanced mappingWe also provide two heuristics which exploit the
PBT in order to leverage on data locality.

We validate our strategy by using interactive rendering with Parallel Ray Tracing [24] algorithm, as a signif-
icant example of such a kind of computations. In this exampleour technique is applied rather naturally. Indeed,
interactive Ray Tracing can be seen as a step-wise computain, where each frame to be rendered represents
a phase. Moreover, each frame can be described as a mesh ofrite(pixels) and successive computations are
typically characterized by temporal coherence.
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For Parallel Ray Tracing, our technique experimentally exhibits good performances improvements, with dif-
ferent granularity (size of tiles), with respect to the static assignment of tiles (tasks) to processors. Furthermore
we also provided an extensive set of experiments in order tovaluate: (1) the optimal granularity with di erent
number of processors; (2) the scalability of our proposed stem; (3) the correctness of the predictions exploiting
temporal coherence; (4) the e ectiveness of the locality cbherence heuristics exploiting spatial coherence; (5)
the impact of resolution; (6) the overhead induced by the PBT.

It should be said that, besides other graphical applicatiors (e.g. image dithering), there are further examples
of mesh-like computations where our techniques can be fruitlly used, covering simple cases, such as matrix
multiplication, but also more complex computations, such & Distributed Adaptive Grid Hierarchies [17].

1.3. Previous Works.  Decomposition/Mapping scheduling algorithms can be diviced into two main
approaches: list scheduling and cluster-based schedulingin list scheduling [18], each task is rst assigned
a priority by considering the position of the task within the computation DAG G. Then tasks are sorted on
priority and scheduled following this order on a set of avaible processors. Although this algorithm has a low
complexity, the quality of scheduling is generally worse ttan that of algorithms in other classes. In cluster-based
scheduling, processors are treated as clusters and the colefion time is minimized by moving tasks among
clusters [4, 12, 26]. At the end of clustering, heavily commauicating tasks are assigned to the same processor.
While this reduces inter-processor communication, it may éad to load imbalances or idle time slots [12].

In [15], a greedy strategy is proposed for the dynamic remappg of step-wise data parallel applications, such
as uid dynamics problems, on a homogeneous architecture. nl these types of problems, multiple processors
work independently on di erent regions of the data domain during each step. Between iterations, remapping
is used for balancing the workload across the processors arnhus, reducing the execution time. Unfortunately,
this approach does not take care of locality of interaction ad/or spatial coherence.

Several online approaches have also been proposed. An exdmis the work stealing model [3]. In this model
when a processor completes its task it attempts to steal task assigned to other processors. We notice that,
although online strategies are shown to be e ective [3] and table [1], they introduce communication overhead
anyway. Furthermore, it is worth noting that online strateg ies, like work stealing, can be integrated with our
assignment policy. In that case, being our load balancing e cient, online strategies introduce smaller overheads.

Many researchers have explored the use of time-balancing rdels to predict execution time in heterogeneous
and dynamic environments. In these environments, performace processors are both irregular and time-varying
because of uneven underlying load on the various resourcet [25] authors use a conservative load prediction
in order to predict the resource capacity over the future time interval. They use expected mean and variance
of future resource capabilities in order to de ne an appropiate data mappings for dynamic resources.

2. Our Strategy. Our strategy is based on a traditional data parallel model In this model, tasks are
mapped onto processors and each task performs similar opérans on di erent pieces of data (Principal Data
Items (PDIs)). Auxiliary global information ( Additional Data Items (ADIs)) is replicated on all the workers.
This parallelization approach is particularly suited to th e Master-workers paradigm

In this paradigm, the master divides the whole job (the wholemesh) into a set of tasks, usually represented
by tiles. Then, each task is sent to a worker which elaborates the tileand sends back the output. If other tiles
are not yet computed, the master sends another task to the wdeer. Finally, the master obtains the results of
the whole computation reassembling partial outputs.

Crucial point in this paradigm is the granularity of the mesh decomposition: in fact, the relationship
betweenm, number of tiles, and n, number of workers, strongly in uences the performances.

There are two opposite driving forces that act upon this desgn choice. The rst one is concerned about
the load balancingand requiresm to be larger than n. In fact, if a tile corresponds to a zone of the mesh which
requires a large amount of computation, then, it requires meh more time with respect to a simpler tile. Then,
a simple strategy to obtain a fair load balancing is to increae the number of tiles, so that the complexity of a
zone of the mesh is shared among di erent items.

On the opposite side, two following considerations suggesa smaller m. An algorithm that has large m
requires larger communication coststhan an algorithm with smaller m, considering both the latency (more
messages are required; therefore, messages may be queuefam the bandwidth (communication overhead for
each message). Other considerations that would suggest tose smallm are (a) the locality of interaction and
(b) the spatial coherencethat are motivated because (i) computation of a task relies sually on nearby tasks



176 G. Cordasco, B. Cosenza, R. De Chiara, U. Erra and V. Scarano

and (ii) two close tasks usually access some common data. Thein order to make an e ective usage of the
local cache for each node, it is important that the tiles are hrge enough, so that each worker can exploit spatial
coherence of tiles, having a good degree of (local) cache it

Our strategy takes into account all the considerations aboe, by addressing the uneven spread of the load
by using a Predictor component (the PBT), with a negligible overhead. The goal we aim to is to keep the load
balanced without resorting to increase the number of tiles. Thereby, our solution does not increase signi cantly
the data-movement overhead and it reduces tasks interactins. Therefore, we are able to address simultaneously
and positively all the issues above, by providing a techniqe that uses a moderate amount of tiles.

2.1. The Prediction Binary Tree. In this section we present how we use the Prediction Binary Tee
(PBT) to help balancing the load among the computing items. The PBT is in charge of directing the tiling-
based load balancing strategy as follows: each computing @ise is split into a set ofm tiles (we assume, here,
for sake of simplicity that m = n but the arguments apply to general cases) and tiles size is @uisted accordingly
to (an estimated) tile computing time that is set as the computational time as measured during the preceding
phase. The hypothesis is that the computing time required bya tile on two consecutive phases are quite similar
because of temporal coherence.

Now we de ne the Prediction Binary Trees and then describe anon-line algorithm which, before each
computing phase, resizes unbalanced tiles in such a way to mimize the mesh computing time. A PBT T
stores the current tiling being de ned as a rooted binary tree with exactly m leaves, in which each (internal)
node has 2 children. The root ofT, calledr, represents the complete mesh. The two children of an interal node
v store the two halves (more details follow on how the mesh is djt) of the mesh represented byv. Consequently,
each level of T represents a partition of the mesh. Moreover, each internahode v represents a tile which is
the sum of the tile assigned to the leaves of the tree rooted iv and consequently, the leaves o (henceforth
L(T)) represents a partition of the mesh. In order to maintain a good spatial coherence and minimize tasks
interaction, the children of an internal node v which belongs to an odd (resp. even) level off are obtained
halving the tile in t along two horizontal (resp. vertical) axes. This assures that tiles have an almost-square
shape (i. e. one dimension is at most twice the other). Each B ell 2 L(T) also stores two variables:e(") that
is the estimate of the time for computing tile in * and t(") that is time used by a worker to compute (in the last
phase) the tile in *. Figure 2.1 gives an example of a PBT, with the correspondingnesh partition on the left.
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Fig. 2.1 . An example of a PBT tree: the mesh on the left has been computed with the computation times (in ms) for each
tile shown on the leaves.
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The PBT stores the subdivision of tiles and each leaf ofT is a task to be assigned to a worker. At the end
of each phase, the PBT receives (with the tile output) also tre information about the time that each worker
has spent on the tile. This time is received a<(") for each leaf, and is used as estimate by copying it inte(").
By using the previous phase times as estimates, the PBT is e éently updated for the next phase. Here we
describe an e ective and e cient way of changing the PBT stru cture so that the next phase can be executed
(given the temporal coherence) more e ciently, i. e., equaly balancing the load among the processors.

First we de ne the variance as a metric to measure the (estiméd) computational unbalance that is expected
given the tiling provided by the PBT T:

X
() 1%

2L(T)

where e(*) represents the estimated time to compute the correspondig tile to the leaf “of T and 1 is the
estimated average computational time, that is, 1t = % 2L(T) e("): Clearly, the smaller the variance 2 is,
the better is T's balancing of the load to the processors.

Given a PBT T at the end of a phase, the estimated computation time assoctad to each leaf, e(*), is
taken by the computation time t(*) at the phase just executed; then, we use a greedy algorithmhiat nds the
new PBT T . The idea of the algorithm PBT-Update (shown as Algorithm 1) is to perform a sequence of
simultaneous split-merge operations, that consists in splitting a tile whose estimaed load is \high", and merge
two tiles (stored at sibling nodes) whose (combined) estimted load is \small".

We now prove, by means of the following theorem, that the PBT-Update algorithm terminates.
Theorem 2.1. Algorithm PBT-Update terminates after a nite number of ite rations.

Proof. We will show that PBT-Update goes from a PBT T = T to a PBT T() = T through a set of
PBTs TW;T@;:::; T D insuch awaythat 2, > 2., foreachi=0;:::;s 1.

Let T be a PBT tree and T°be obtained from T by halving a leaf ", into two leaves "5, and *,, and merging
two sibling leaves™,, and ", into “p.

We prove rst that, if e(*a)? > 4e('n,)e(’n,) then 2 > 2, So, it is not possible to improve the variance
of the (estimation of the) computational time by means of a simultaneous split-merge operation ife(*5)?
4e("p,)e("b,) Which is the test in line 1 of the algorithm.

Algorithm 1 PBT-Update

1. T CurrentPBT

2: forall "2 L(T) do

3 copy computational time t(*) in estimated time e(")
4: end for

5: while true do

6: let "4 be the leaf in T with max e(*), 8 2 L(T)

7

8

9

let “p,; b, be the two siblings such that e(",,) e('p,) is minimized over all the pairs of siblings in L (T)
if eCa)? 4e(y,) e(p,) then

return T
10: else
11: Split "4 in "a; and “a, /I Now "4 is internal
12: e(Ca;) e(Ca)=2
13: e(ay) e(a)=2
14: Merge "p, and 'y, into "y // Now 'y is a leaf
15 e(o)  e(b,)+ e(h,)
16: end if
17: end while

Let us evaluate the di erence between the variance onT and the variance onT?%

0 0 1 21
X 1 X 1 X
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Fig. 2.2 . A merge and split operation on the PBT tree of Figure 2.1 where the estimation times e(") drive the updates.

Hence, we have
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Then, if e(5)? > 4e("b,)e(n,), a split-merge operation can improve the variance of the tines on the tree. The
result follows by the observation that the variance is posiive, by de nition. O

Finally, it should be noticed that the improvement on the variance is proportional to e(*3)?  4e(p,)e( 1)
Then at each step, the greedy algorithm PBT-Update chooses, and the siblings pair 'y, and "y, (in lines 1-1)
in order to have the higher (local) improvement in variance.

An example of a PBT is shown in Figure 2.1, and one of the update of the PBT-Update algorithm is shown
in Figure 2.2.

Exploiting Local Coherence . In this paragraph we investigate how to leverage the PBT in oder to better
exploit data locality: the rationale behind this investigation is that jobs carried out by two siblings workers in
the PBT, or by the same worker in consecutive computing phass, will probably follow similar memory access

patterns.
In order to exploit locality we de ne the concept of a ne tiles ; in particular we will consider two kinds of
a nity: processor-tile a nity and tile-tile a nity. A tile is a ne to a processor if it has been assigned to that

processor in the previous phase; two tiles are a ne if they ae neighbors in the mesh. When a worker asks for
a tile the master node tries to assign it an a ne tile. Then, th e intent is to use a ne tiles in order to exploit
data-locality.

We implemented two heuristics in order to determinate a ne t iles. The rst heuristic is based on a greedy
strategy, dubbed PBT-Greedy. For each computing phase, if a tile is not involved in a mergésplit operation
then it maintains his a nity with the processor it has been as signed to during previous phase. In case of tiles
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involved in a merge/split operation, let's consider a tile a split in tiles a; and a, and tiles b, and b, merged into
tile b: a; is assigned to processor that handle& before; b is assigned to processor that handledy, before;a,
is assigned to processor that handleddy . Just this last assignment, on a total of 3 assignments, will probably,
not exploit cache and for this reason we say that this heurisic is 2=3 e ective in leveraging locality.

In the second heuristic, namedPBT-Visit the a nity is de ned by visiting the PBT: tiles are assigned
following the in order visit. One can easily check that a subst of a ne tiles, tiles \near" in the mesh, is
assigned to the same processor phase-by-phase.

3. Case study: Parallel Ray Tracing. Ray Tracing algorithms [19, 20] are a widely used class of
techniques for rendering images with the intent of achievig a high grade of realism. Ray Tracing is at the
core of many global illumination algorithms. The input for R ay Tracing is a scene description that speci es the
geometry of objects together with the de nition of every object materials, position/orientation of the lights.
The output is an image of the scene as seen through a virtual caera.

For sake of clarity we will shortly summarize the simplest fam of Ray Tracing algorithm. For each pixel
(x;y) in the nal image a ray is casted from the virtual camera through the scene: this is called theprimary
ray. If an intersection between the primary ray and a surface is éund then di erent parameters are considered
in order to compute the light intensity at the point: the mate rial of the surface, the position and the color of
lights, whether or not the point is shadowed by other surfacs. In the Whitted-style Ray Tracing [24] a ray
can be re ected and/or refracted according to surface propeies and the process is repeated recursively with
these new rays. At the end, the process adds the light intensies at all intersection points in order to get the
nal color of the pixel. Ray Tracing is considered a computationally intensive algorithm because it depends
on the amount of rays shot throughout the scene and this amouncan be easily increased by modifying lights
properties, objects positions and materials.

Since its introduction several techniques have been expled to accelerate Ray Tracing. In animated scenes
we report an interesting observation about the fact that a new frame can be very similar to the previous frame
if the viewpoint did not change drastically. This similarit y is an instance of the concept ottemporal coherence
(cft. Section 1) and can be exploited to reduce the amount of alculations needed for every new frame [6].

Let p be the pixel of generic coordinatesX;y) in frame f; and let p° be the pixel with the same coordinates
(x;y) (i. e. the same pixel) in framefi.;. Let r be the ray through p and r° the ray through pixel p°. The
idea of the temporal coherence is based upon a simple considéion: the ray r and the ray r°will follow similar
paths across the scene.

Parallel Ray Tracing . The Ray Tracing algorithm has been de ned \embarrassingly parallel" [10] because
no particular e ort is needed to segment an instance of the poblem in tasks considering that there is no strict
dependency between parallel tasks. Each task can be computéndependently from every other task in order to
achieve a speed up by executing them in parallel. There are tvdi erent approaches in designing a parallel ray
tracer: object-based and screen-based [5]. In objects-bed approach the scene is distributed among clients. For
each ray casted the clients forward rays between clients. Inhe screen-based approach the scene is replicated
on each client and the rendering of pixels is assigned to dieent clients. The second approach is the one
investigated in this paper by a frame to frame load partitioning schema.

Speeding up parallel Ray Tracing for interactive use on mult-processor machine has received a big impulse
during last years, thanks to an e cient implementation desi gned to t the capabilities of modern CPUs [2] and
the use of commodity PC clusters [22]. In particular, severitechniques are employed to amortize communication
costs and manage load balancing. In [22] is suggested a taskefetching and work stealing, whereas [9] is
presented a distributed load balancer.

3.1. Exploiting PBT for Parallel Ray Tracing. In order to exploit the PBT to accelerate Parallel
Ray Tracing (PRT) algorithm we provide here a mapping between the concepts of the general case, introduced
in previous sections, and the concepts strictly bounded to lhe Ray Tracing. The computation carried out in
the PRT is the rendering of a sequence of frames. Every framesirendered pixel by pixel; in terms of PBT
acceleration each of these pixels is an item of the mesh. Theemory bu er where each frame of the sequence
is rendered can be considered a bidimensional mesh that regsents an image: the PDIs managed by nodes
are portions of this frame. The information that is available on every worker (ADI) and used to perform the
assigned task is the scene description. The number of primites, usually triangles, the dimension of the textures
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to be mapped on the geometry and the number of light sources & elements that increase the computational
complexity of a scene to be rendered.

The master divides the frame bu er in tiles, which are rectangular areas of pixels. These tiles are assigned
to workers to be rendered. Since two rays will follow similarpath if they are close, in order to make an e ective
usage of the local cache for each node, it is important that tle tiles are contiguous and large enough, so that
each worker can exploit spatial coherence of tiles, having good degree of (local) cache hits. Another task
performed by the master is to handle the frame bu er for both visualization or to save it into a le.

The granularity of our decomposition strategy is chosen dening m = k n wherem is the number of tiles,
n is the number of workers andk is multiplicative constant. The greater is k, the smaller is tiles sizes. We
experimentally tested several values ok and found that no large k is needed since, after small values ok,
performances degrades due to the higher communication co$tf. Section 4.2).

4. Experiments and Results. Our serial implementation of Ray Tracing algorithm exploits some, but
not all, optimizations techniques used by last cutting-edge ray tracers. Actually, the kind of serial implementa-
tion that is used is not relevant for our purposes. Special aention is paid to the acceleration structure. We use
a Kd-tree built to minimize the number of traversal and inter section steps, done using the well-know Surface
Area Heuristic [23]. Our Kd-tree implementation also provides a fast Kd-tree traversal by using a cache friendly
data-layout [21].

We implemented a synchronous render system, with a synchramation barrier at the end of each frame for
visualization and camera update purpose. Furthermore, we dopt a demand driven task management strategy
where a task manager maintains a pool of already constitutedasks. On receipt of a request from a worker, the
task manager dispatches the next available task from the polo(for k > 1). We also added a threshold to the
number of single merge/split updates into the PBT-Update algorithm in order to avoid to perform many small
changes to the tree that would not a ect much the overall performances.

We coded our system in C++, compiling it with Intel C++ Compil er 10.1 for Linux. We used MPI [13] for
node communications, having care to disable Nagle algoritim [14] in order to decrease latency.

4.1. Setting of the experiments. Because the aim of this work is to exploit temporal coherencén load
balancing, we decided to use a distributed memory system, aa cluster of workstations, and test scenes with
remarkable unbalance between tiles. We ran several tests otree hardware platforms:

Hydra: an IBM BladeCenter Cluster of 33 nodes (1 master node, 32 wods nodes). Each node has an Intel
Pentium IV processor running at 3:20 GHz, with 1 GB of main memory and CentOS 5 Linux as
operating system with OpenMPI version 1.1.1 for message pagg. All the nodes are interconnected
with a Gigabit Ethernet network.

Cacau: a NEC Xeon EM64T Cluster available at HLRS High Performance Gomputing Center at the Universitat
Stuttgart. We used up to 64 nodes, each equipped with 2 Intel Xon EM64T processors and 1 GB of
main memory, interconnected with an In niband network.

ENEA: an IBM HS21 Cluster with 256 nodes available at CRESCO Projet computing platform, Portici
ENEA Center. Each node is equipped with 2 Xeon Quad-Core Clogrtown E5345 at 233 GHz and 16
GByte RAM. The nodes are interconnected with an In niband network.

We tested our scheme on two scenes, each of them with di erenshading aspects. Since the focus is on
manage unbalancing, we used a modi ed standard ERW6 test see (see Figure 4.1) (about one thousand
primitives in total). Unbalancing is due to the surface shadng properties used in the scene. We developed two
versions of this test scene: ERWS6, has one point light sourceERW6-4 has four light sources. The more light
sources are present in the scene the bigger is unbalancing ¢sise of the increased number of rays to be shot.
In both test scenes, we have a prede ned walk-through of the @mera around the scene, with movements in all
directions and rotations too. The image resolution is 512 512 pixels, unless di erently stated.

4.2. Results. We performed several test in order to evaluate and estimatethe e ectiveness of the PBT,
its scalability, the optimal tiles granularity for di eren t number of processors, the impact of temporal and spatial
coherence, how the resolution a ects the scheduling techijue, the overhead incurred by the calculations for
the PBT on the total computing time.

In some tests, we compared the technique that uses PBT with aegular subdivisiontechnique of equal-sized
tiles.
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Fig. 4.1 . A frame in the walk-trough for scene ERW6-4, with the tiling s  hown.

E ectiveness of Prediction Binary Tree . In these tests, ran on Hydra, we evaluate the improvement
provided by using the PBT instead of a regular subdivision stategy.

The results are shown in Figure 4.2 for both scenes. Resultsra obtained using di erent granularity and
n = 32 workers. Our technigue o ers a speedup, ranging from 5 tol5 percent, for all the values ofk tested.
When k is large, the performances degrade due to two factors: the maber of updates on the PBT increases.
Our test shows that there are few updates for smaller values fok, but they grow quickly as k increases. The
second is related to the heuristic that we have chosen. Indek measuring the rendering time for tiny tile has
some approximation problems due to discretization. Our algrithm gives good performances for small values of
m. For big values of m, the decomposition algorithm may be a bottleneck.

Optimal Granularity . We tried to estimate the optimal granularity of the schema, i. e., the optimal
choice of the number of tilesm, with 8, 16, 32 and 64 processors (see Figure 4.3). The ratiate behind this test
is to determinate how our schema a ects the tuning of the gramlarity in the parallel implementation, compared
with the regular subdivision schema.
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Test results, performed on Cacau, raise several interestm considerations. The optimal granularity for the
PBT comes with a lower number of tiles, in respect of the norma regular approach. In particular the PBT
works better with coarser tiles, introducing bene cial e e cts because of the lower overhead of communication.
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Scalability . We compared our schema based on the PBT against the regular sdlivision schema with 2, 4,
8, 16, 32 and 64 processors, in order to evaluate the e ciencyf our strategy (see Figure 4.4). The tests, ran on
ENEA, shows that our schema works always better than the reglar one, and presents almost linear scalability.
In all the tests the granularity coe cient k is xed to 4. However, the test with 64 processors also showshiat
when the number of tiles increases the use of an adaptive subdsion is still not enough in order to assure a
good scalability. We conjecture that, in order to improve salability, the value of k should be tuned in such a
way that tile's sizes do not become extremely small.

Temporal coherence tests . In order to explore the performances of the PBT in exploiting temporal
coherence, we checked it under di erent conditions. We ran aset of tests on Hydra in order to evaluate the
correctness of the prediction made using the PBT. First we tasted two di erent task granularity (we recall that
we considerm = k n, where m is the number of tiles and n is the number of worker): we have choserk = 1
(one tiles for each worker) andk = 4 (four tiles, on average, for each workers). Moreover, we @nsidered two
di erent camera speeds (1x and 2x). In all the tests the numbe of workers n is 32. To make a comparison, we
measured the total amount of tiles which has been estimatedarrectly using 85", 90" and 95" percentile (see
Table 4.1). As an example row 2 (Perc. 9% ) represents the percentile of estimations having an error p to 10%.
In other words, when k = 1 and the camera speed is 1x the 92% of estimations have an error smaller than
10%, while whenk = 4 and the camera speed is 2x the 78% of estimations have an error smaller than 10%.
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Fig. 4.4 . Scalability. Frame rates on increasing number of processor s comparing the regular subdivision, our PBT-based
subdivision and the optimal linear speedup. ERW6-4 test sce ne.

Spatial coherence tests . In this paragraph we investigate how the PBT exploits data locality using the
two locality-aware heuristic described in Section 2.1. Theidea is to let workers to better use their CPU cache.

The test considers 4 di erent scenes with an increasing numeér of triangles, ranging from less than 30000 to
about 950000. In Table 4.2 are reported the number of triangés and the number of nodes in the Kd-tree. The
di erence between scenes is an increasing number of amphigaters, all of them with a simple di usive shader
(see Figure 4.5). Scenes are animated by a prede ned walk-tbugh of the camera.

The rationale behind the test is to verify that, whenever the size of the Kd-tree is bigger than the cache
size, a drop of the performance can be measured, due to the nirar of cache misses.
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Table 4.1
Results of the predictions in 85", 90" and 95 percentile.

Corr. Perc. k=1 k=1 k=4 k=4
1x 2Xx 1x 2X
85 96:2% 953% 921% 897%
90 932% 92% 862% 798%
95 926% 84% 68% 55%
Table 4.2

A simple description of the test scenes used for spatial cohe rence tests. For each scene, we report the corresponding num ber
of primitives and the Kd-tree's size.

Test scene Triangles Nodes in Kd-tree
1 Amphitheater 29759 251017
4 Amphitheaters 119026 999237
16 Amphitheaters | 476098 3970097
32 Amphitheaters | 952130 7970097

Fig. 4.5 . Amphitheater test scene, used in spatial coherence test set .

All tests shows that improvements obtained by using the PBT (with both the locality-aware heuristics
and a random assignment namedPBT-Random) with respect to the regular assignment (cf. Exploiting Local
Coherence Subsection 2.1). With more details, on small scenes, the wile scene ts into the cache and then the
assignment strategy does not matter. When the scene becoméarger, so that it does not t into the cache, the
data locality also provides a modest improvement of the perrmances of the system (around 1 5 ms) using
both the locality-aware heuristics. This test has been performed on Hydra.

Impact of Resolution . In Parallel Ray Tracing the resolution represents the total amount of work. We
ran a set of tests on ENEA, with a xed task granularity ( k = 4), using di erent resolutions in order to show
that our implementation of PRT scales linearly with the numb er of the primary rays. In order to have a
measure of the e ectiveness of our technique with higher wddoads, we tested the PBT with three well-known
resolutions. In particular we compared both techniques (PBI' and regular subdivision) with PAL (720 576),
HD720 (1280 720) and HD1080 (1920 1080) resolutions on the same test scene (ERW6-4).

The tests show that the PBT is e ective with all the workloads and its ability in balancing the work between
nodes is bene cial with heavy loads (see Figure 4.6).

Total time analysis . The last test is focused on how the whole computing time (i. €.the parallel rendering
time) is spent.

The time spent by the master node in computing out PBT-based sibdivision schema from a given prediction
is serial code and pure overhead introduced by our approachThis overhead corresponds to the time spent in
subdividing the image in tiles and updating the PBT.

Our purpose is to determinate: the ratio between time spent ly the workers in local rendering and commu-
nications; how unbalancing a ects performance; how much tine is spent by the master node in serial code.

Figure 4.7 shows the test results for 16 and 32 processors aterent granularity. The time spent in updating
the PBT is proportional to m, hence to the granularity and the number of processors, butn our test is always
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Fig. 4.6 . Average frame rate using di erent resolutions: PAL( 720 576), HD720( 1280 720), HD1080( 1920 1080), comparing
regular and PBT-based job assignments. ERW6-4 test scene.

lower than 5 ms. Thus the overhead by the adaptive subdivisio is small compared with the gain in balancing.
This test has been performed on Cacau.

5. Conclusion. In this paper we present a scheduling strategy based on a datstructure called PBT. To
assess the e ectiveness of the proposed scheduling strategve carried out some experiments, that provided a
large amount of results. Our scheduling strategy: (i) improves load balancing; (ii) allows to exploit temporal
coherence among successive computation phases; (iii) minizes the inter-processors dependency. By some
assumptions on temporal coherence, we showed that an estin@of next phase workload can be used to quickly
divide the mesh in almost-squared tiles assigned to each wker. PBT is e ectively used to evaluate the load
balance of each phase and, eventually, to update tasks assigient in order to reduce their completion time.

We tested our strategy on a signi cant problem: Parallel Ray Tracing. We carried out an extensive set of
experiments where our PBT-based strategy is compared aga#t the regular subdivision schema. We showed
that by using our technique, the optimal granularity comes with a lower number of tiles. Moreover, the PBT
approach assures a better scalability.

The predictions used in our approach are based on temporal ¢@rence. We proved that for simple scenes
(e.g. a prede ned walk-through of the camera around the scee), the proposed estimation heuristic is a ordable.
Spatial coherence for data locality has been exploited by usg two locality-aware heuristic during assignment.
However we showed that such heuristic provides an improventdg on performance only with larger scene (at
least 1 million of triangles).

Tests with higher resolutions show the ability of the PBT in balancing the work with heavy loads.

Finally we provided a total time analysis of the computing time and the overhead introduced by the PBT.
The time spent in updating the PBT is proportional to the numb er of tiles, but in our test is always lower than
5 ms. Indeed, the overhead of the adaptive subdivision is snlacompared with the gain in balancing.

The variety of architectures used on our tests suggests thathe technique improves performances in both
cheaper commaodity cluster and high performance clusters il low latency networks.
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Fig. 4.7 . Contributions in rendering time with 32 (up) and 64 (down) pr  ocessors, at di erent granularities, with both adaptive
and regular subdivision techniques. The total rendering ti me is split in: the time spent in subdivision (i. e. update the  PBT for
adaptive subdivision); the maximum per-node compute time, such as an estimate of the load balancing; the remaining time , mostly
due by communications. Rendering times shown are the averag e in a test scene (ERW6-4) of 600 frames.
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