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Fool Me Twice: Exploring and Exploiting Error Tolerance in Physics-Based
Animation

Thomas Y. Yehy

Glenn Reinmant  Sanjay J. Patelf

Petros FaloutsosT

TComputer Science Department, UCLA, {tomyeh, reinman, pfal} @cs.ucla.edu
TAGEIA Technologies, sjp@ageia.com

Figure 1: Snapshots of two simulation runs with the same initial conditions. The simulation results shown on top is the baseline, and the
bottom row is simulation computed with 7-bit mantissa floating-point computation in Narrowphase and LCP. The results are different but

both are visually correct.

Abstract

The error tolerance of human perception offers a range of opportu-
nities to trade numerical accuracy for performance in physics-based
simulation. However, most previous approaches either focus exclu-
sively on understanding the tolerance of the human visual system
or burden the application developer with case-specific implementa-
tions. In this paper, based on a detailed set of perceptual metrics, we
propose a methodology to identify the maximum error tolerance of
physics simulation. Then, we apply this methodology in the eval-
uation of two techniques. The first is the hardware optimization
technique of precision reduction which reduces the size of floating
point units (FPUs), allowing more of them to occupy the same sili-
con area. The increased number of FPUs can significantly improve
the performance of future physics accelerators. A key benefit of our
approach is that it is transparent to the application developer. The
second is the software optimization of choosing the largest time-
step for simulation.

CR Categories: 1.3.7 [Computer Graphics]: Three-Dimensional
Graphics and Realism—Animation; 1.3.6 [Computer Graphics]:
Methodology and Techniques—Interaction Techniques.

Keywords: physics-simulation, perceptual errors

1 Introduction

Physics-based animation (PBA) is becoming one of the most im-
portant elements of interactive entertainment applications, such as
computer games, largely because of the automation and realism
that it offers. However, the benefits of PBA come at a consider-
able computational cost. Furthermore, this cost grows prohibitively
with the number and complexity of objects and interactions in the
virtual world, making it extremely challenging to satisfy such com-
plex worlds in real-time.

Fortunately, there is a tremendous amount of parallelism in the
physical simulation of complex scenes. Exploiting this parallelism
to improve the performance of PBA is an active area of research
both in terms of software techniques and hardware accelerators.
Commercial solutions, such as PhysX [AGEIA ], GPUs [Havok
Inc. ], and the Cell [Hofstee 2005], have just started to address
this problem.

But while parallelism can help PBA achieve a real-time frame rate,
there is another avenue to help improve PBA performance which
also has the potential to reduce the hardware required to exploit
parallelism: perceptual error tolerance. There is a fundamental
difference between accuracy and believability in interactive enter-
tainment — the results of PBA do not need to be absolutely accurate,
but do need to appear correct (i.e believable) to human users. The
perceptual acuity of human viewers has been studied extensively
both in graphics and psychology[O’Sullivan et al. 2004; O’Sullivan
and Dingliana 2001]. It has been demonstrated that there is a sur-
prisingly large degree of error tolerance in our perceptual ability. !

This perceptual error tolerance can be exploited by a wide spectrum
of techniques ranging from high-level software techniques down to
low-level hardware optimizations. At the application-level, level of
detail (LOD) simulation [Reitsma and Pollard 2003a; Carlson and
Hodgins 1997; McDonnell et al. 2006] can be used to handle distant
objects with simpler models. At the physics engine library level,
one option is to use approximate algorithms optimized for speed
rather than accuracy [Seugling and Rolin. 2006]. At the compiler
level, dependencies among parallel tasks could be broken to reduce

IThis is independent of a viewer’s understanding of physics[Proffit .
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synchronization overhead. At the hardware design level, floating-
point precision reduction can be leveraged to reduce area, reduce
energy, or improve performance for physics accelerators.

In this paper, we address the challenging problem of leveraging per-
ceptual error tolerances to improve the performance of real-time
physics simulation in interactive entertainment. The main chal-
lenge is the need to establish a set of error metrics that can measure
the visual performance of a complex simulation. Prior perceptual
thresholds do not scale to complex scenes. In our work we address
this challenge and investigate specific hardware solutions.

Our contributions are threefold:

e We propose a methodology to evaluate physical simulation
errors in complex dynamic scenes.

e We identify the maximum error that can be injected into each
phase of the low-level numerical PBA computation.

e We explore hardware precision reduction and software time-
step tuning to exploit error tolerance to improve PBA perfor-
mance.

2 Background

In this section, we present a brief overview of physics simulation,
identify its main computational phases, and categorize possible er-
rors. We then review the latest results in perceptual error metrics
and their relation to physical simulation.

2.1 Computational Phases of a typical Physics Engine

Physics simulation requires the numerical solution of a discrete ap-
proximation of the differential equations of motion of all objects
in a scene. Articulations between objects, and contact configura-
tions are most often solved with constraint based approaches such
as [Baraff 1997; Muller et al. 2006; Havok Inc. ]. Time is dis-
cretized with a fixed or adaptive time-step. The time-step is one of
the most important parameters of the simulation and largely defines
the accuracy of the simulation. For interactive applications the time
step needs to be in the range of 0.01 to 0.03 simulated seconds or
higher. The errors and the stability issues associated with the time-
step are orthogonal to the first part of this study. The time-step is
a high-level parameter that should be controlled by the developer
of an application. Our work identifies both low-level trade-offs that
are part of a hardware solution and as such are transparent to an ap-
plication developer as well as high-level trade-offs to assist the pro-
grammer. As we demonstate later, the errors that our low-level ap-
proach introduces in the simulation results are no greater that those
introduced by the discretization alone.

Physics simulation can be described by the dataflow of computa-
tional phases shown in Figure 2. Cloth and fluid simulation are
special cases of this pipeline. Below we describe the four computa-
tional phases in more detail.

Broad-phase. This is the first step of Collision Detection (CD). Us-
ing approximate bounding volumes, it efficiently culls away pairs
of objects that cannot possibly collide. While Broadphase does not
have to be serialized, the most useful algorithms are those that up-
date a spatial representation of the dynamic objects in a scene. And
updating these spatial structures (hash tables, kd-trees, sweep-and-
prune axes) is not easily mapped to parallel architectures.

World State

New World State

Island Creation |—>| Island Processing |

| Broad-phase |—>| Narrow-phase

(Object-Pairs) (Contacts Points)i :

(Islands)  (Obiject Positions) |

Collision Detection (CD) Island Processing (IP)

Figure 2: Physics Engine Flow. All phases are serialized with re-
spect to each other, but unshaded stages can exploit parallelism
within the stage.

Narrow-phase. This is the second step of CD that determines
the contact points between each pair of colliding objects. Each
pair’s computational load depends on the geometric properties of
the objects involved. The overall performance is affected by broad-
phase’s ability to minimize the number of pairs considered in this
phase. This phase exhibits massive fine-grain (FG) parallelism
since object-pairs are independent of each other.

Island Creation. After generating the contact joints linking inter-
acting objects together, the engine serially steps through the list of
all objects to create islands (connected components) of interacting
objects. This phase is serializing in the sense that it must be com-
pleted before the next phase can begin. The full topology of the
contacts isn’t known until the last pair is examined by the algo-
rithm, and only then can the constraint solvers begin. This phase
contains no floating-point operations, so it is excluded from this
study.

Island Processing. For each island, given the applied forces and
torques, the engine computes the resulting accelerations and inte-
grates them to compute the new position and velocity of each ob-
ject. This phase exhibits both coarse-grain (CG) and fine-grain (FG)
parallelism. Each island is independent, and the constraint solver
for each island contains independent iterations of work. We further
split this component into two phases:

e Island Processing which includes constraint setup and inte-
gration (CG)

e LCP which includes the solving of constraint equations (FG)

2.2 Simulation Accuracy and Stability

The discrete approximation of the equations of motion introduce er-
rors in the results of any non-trivial physics-based simulation. For
the purposes of entertainment applications, we can distinguish be-
tween three kinds of errors in order of increasing importance:

e Imperceptible. These are errors that cannot be perceived by
an average human observer.

o Visible but bounded. There are errors that are visible but re-
main bounded.

e Catastrophic. These errors make the simulation unstable
which results in numerical explosion. In this case, the simula-
tion often reaches a state from which it cannot recover grace-
fully.

To differentiate between categories of errors, we employ the con-
servative thresholds presented in prior work [O’Sullivan et al. 2003;
Harrison et al. 2004] for simple scenarios. All errors with magni-
tude smaller than these thresholds are considered imperceptible. All
errors exceeding these thresholds without simulation blow-up are
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Figure 3: Snapshots of two simulation runs with the same initial conditions and different constraint ordering. The results are different but

both are visually correct.

considered visible but bounded. All errors that lead to simulation
blow-up are considered catastrophic.

An interesting example that demonstrates imperceptible simulation
errors is shown in Figure 3. In this example four spheres and a chain
of square objects are initially suspended in the air. The two spheres
at the sides have horizontal velocities towards the object next to
them. With the same initial conditions two different simulation runs
shown in the figure result in visibly different final configurations.
However, both runs appear physically correct.2 This behavior is
due to the constraint reordering that the iterative constraint solver
employs to reduce bias [Smith ]. Constraint reordering is a well
studied technique that impoves the stability of the numerical con-
straint solver and it is employed by commercial products such as
[AGEIA ]. For our purposes though, it provides an objective way to
establish what physical errors are acceptable when we develop the
error metrics in Section 4.

The first two categories are the basis for perceptually-based ap-
proaches such as ours. Specifically, we investigate how we can
leverage the perceptual error tolerance of human observers without
introducing catastrophic errors in the simulation.

The next section reviews the relevant literature in the area of per-
ceptual error tolerance.

2.3 Perceptual Believability

[O’Sullivan et al. 2004] is a 2004 state of the art survey report on
the field of perceptual adaptive techniques proposed in the graphics
community. There are six main categories of such techniques: in-
teractive graphics, image fidelity, animation, virtual environments,
and visualization and non-photorealistic rendering. Our paper will
focus on the animation category. Given the comprehensive cover-
age of this prior survey paper, we will only present prior work most
related to our paper and point the reader to [O’Sullivan et al. 2004]
for additional information.

[Barzel et al. 1996] is credited with the introduction of the plau-
sible simulation concept, and [Chenney and Forsyth 2000] built
upon this idea to develop a scheme for sampling plausible solutions.
[O’Sullivan et al. 2003] is a recent paper upon which we base most
of our perceptual metrics. For the metrics examined in this paper,
the authors experimentally arrive at thresholds for high probability
of user believability. Then, a probability function is developed to

2The complete animation of this experiment is included in the accompa-
nying video.

capture the effects of different metrics. This paper only uses simple
scenarios with 2 colliding objects.

[Harrison et al. 2004] is a study on the visual tolerance of lengthen-
ing or shortening of human limbs due to constraint errors produced
by physics simulation. We derive the threshold for constraint error
from this paper.

[Reitsma and Pollard 2003b] is a study on the visual tolerance of
ballistic motion for character animation. Errors in horizonal ve-
locity were found to be more detectable than vertical velocity; and
added accelerations were easier to detect than added deceleration.

[Yeh et al. 2006] examines the techniques of fuzzy value predic-
tion and fast estimation with error control to leverage error toler-
ance in interactive entertainment applications. However, this prior
work does not evaluate how to measure tolerable error nor deal with
maximum tolerable error. It shows absolute differences in terms
of position and orientation of objects and constraints against base-
line simulation without error. In fact, our work argues against such
methods of measuring error using absolute position and orientation
differences as demonstrated by Figure 3.

In general, prior work has focused on simple scenarios in isolation
(involving 2 colliding objects, a human jumping, human arm/foot
movement, etc). Isolated special cases allow us to see the effect
of instantaneous phenomena, such as collisions, over time. In ad-
dition, they allow apriori knowledge of the correct motion which
serves as the baseline for exact error comparisons. Complex cases
do not offer that luxury. On the other hand, in complex cases, such
as multiple simultaneous collisions, errors become difficult to de-
tect and, may in fact cancel out. We are the first to address this
challenging problem and provide a methodology to estimate the
perceptual error tolerance of physical simulation corresponding to
a complex, game-like scenario.

2.4 Simulation believability

Chapter 4 of [Seugling and Rolin. 2006] compares three physics
engines, namely ODE, Newton, and Novodex, by conducting per-
formance tests on friction, gyroscopic forces, bounce, constraints,
accuracy, scalability, stability, and energy conservation. All tests
show significant differences between the three engines, and the en-
gine choice will produce different simulation results with the same
initial conditions. Even without any error-injection, there is no sin-
gle correct simulation for real-time physics simulation in games as
the algorithms are optimized for speed rather than accuracy.
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3 Methodology

One major challenge in exploring the tradeoff between accuracy
and performance in PBA is coming up with a set of metrics that will
evaluate believability. Furthermore, since some of these metrics are
relative (i.e. the resultant velocity of an object involved in a partic-
ular collision), there must be a reasonable standard for comparing
these metrics. In this section, we detail the set of numerical metrics
we have assembled to gauge believability, along with a technique
to fairly compare worlds which may have substantially diverged.

3.1 Experimental Setup

To represent in-game scenarios, we construct one complex test-case
which includes stacking, highly articulated objects, and highspeed
objects shown in Figure 1. The scene is composed of a building
enclosed on all four sides by brickwalls with one opening. The
wall sections framing the opening is unstable. Ten humans with
anthropormorphic dimension, mass, and joints are stationed within
the enclosed area. A cannon shoots highspeed (88 m/s) cannonballs
at the building, and two cars collide into opposing walls. Assuming
time starts at O sec, one cannonball is shot every 0.04 seconds until
0.4 seconds. The cars are accelerated to roughly 100 miles/hr (44
m/s) at time 0.12 to crash into the walls. No forces are injected
after 0.4 seconds. Because we want to measure the maximum and
average errors, we target the time period with the most interaction
(the first 55 frames).

The described methodology has also been applied to three other
scenarios with varying complexity:

1. 2 spheres colliding ( [O’Sullivan et al. 2003], video)
2. 4 spheres and a chain of square objects (Figure 3, video)
3. Complex scenario without humans (not shown)

Our physics engine is a modified implementation of the publicly
available Open Dynamics Engine (ODE) version 0.7 [Smith ]. ODE
follows a constraint-based approach for modeling articulated fig-
ures, similar to [Baraff 1997; AGEIA ], and it is designed for effi-
ciency rather than accuracy. Like most commercial solutions it uses
an iterative constraint solver. Our experiments use a conservative
time-step of 0.01 seconds and 20 solver iterations as recommended
by the ODE user-base.

3.2 Error Sampling Methodology

To evaluate the numerical error tolerance of physics simulation, we
will inject errors at a per-instruction granularity. We only inject er-
rors into floating point (FP) add, subtract, and multiply instructions,
as these make up the majority of FP operations for this workload.

Our error injection technique will be fairly general, and should be
representative of a range of possible scenarios where error could
occur. At a high level, we will be changing the output of FP com-
putations by some varying amount. This could reflect changes from
an imprecise ALU, an algorithm that cuts corners, or a poorly syn-
chronized set of ODE threads. The goal is to show how believable
the simulation is for a particular magnitude of allowed error.

To achieve this generality, we randomly determine the amount of
error injected at each instruction, but vary the absolute magnitude
of allowed error for different runs. This allowed error bound is ex-
pressed as a maximum percentage change from the correct value,
in either the positive or negative direction. For example, an error

Baseline Error
Injected

D

Synched

STEP O

STEP 1

) {geErg

Figure 4: Simulation Worlds. CD = Collision Detection. IP =
Island Processing. E = Error-injected

bound of 1% would mean that the correct value of an FP computa-
tion could change by any amount in the range from -1% to 1%.

A random percentage, less than the preselected max and min, is
applied to the result to compute the absolute injected error. By
using random error injection, we avoid biasing of injected errors.
For each configuration, we average the results from 100 different
simulations (each with a different random seed) to ensure that our
results converge. We have verified that 100 simulations are enough
to converge by comparing results with only 50 simulations — these
results are identical. We evaluate the error tolerance of the entire
application and each phase individually.

Both error injection and precision reduction are done by replacing
every floating point add, subtract, and multiply operation by a func-
tion call which simulates either random error injection or precision
reduction. This is done by modifying the source code of ODE.
ODE uses its own implementation of the solvers, and the errors are
introduced in every single floating point add, subtract, and multiply.

3.3 Error Metrics

Now that we have a way of injecting error, we want to be able to
determine when the behavior of a simulation with error is still be-
lievable through numerical analysis. Many of the metrics we will
propose are relative values, and therefore we need to have reason-
able comparison points for these metrics. However, it is not suffi-
cient to simply compare a simulation that has error injected into it
with a simulation without any error. Small, but perceptually tolera-
ble difference can result in large behavioral differences as shown in
Figure 3.

To address this, we make use of three simulation worlds as shown
in Figure 4: Baseline, Error-Injected, and Synched. All worlds are
created with the same initial state, and the same set of injected
forces (cannon ball shooting or cars speeding up) are applied to
all worlds. Error-injected refers to the error injected world, where
random errors within the preselected range are injected for every
FP +/-/* instruction. Baseline refers to the deterministic simulation
with no error injection. Finally, we have the Synched world — a
world where the state of every object and contact is copied from the
error-injected world after each simulation step’s collision detection.
The island processing computation of Synched contains no error in-
jection — so it is using the collisions detected by Error-Injected but
is performing correct island processing.

We use the following seven numerical metrics:
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e Energy Difference: difference in total energy between base-
line and error-injected worlds — due to energy conservation,
these should match.

e Penetration Depth: distance from the object’s surface to the
contact point created by collision detection.

e Constraint Violation: distance between object position and
where object is supposed to be based on statically defined
joints (car’s suspension or human limbs).

e Linear Velocity Magnitude: difference in linear velocity mag-
nitude for the same object between error-injected and synched
worlds.

e Angular Velocity Magnitude: difference in angular velocity
magnitude for the same object between error-injected and
synched worlds.

e Linear Velocity Angle: angle between linear velocity vectors
of the same object inside error-injected and synched worlds.

e Gap Distance: distance between two objects that are found to
be colliding, but are not actually touching.

We can measure gap, penetration, and constraint errors directly in
the error-injected world, but we still use baseline here to normal-
ize these metrics. If penetration is equally large in the baseline
world and error-injected world, then our injected error has not made
things worse — perhaps the time-step is too small.

The above error metrics capture both globally conserved quantities,
such as total energy, and instantaneous per-object quantities such
as positions and velocities. The metrics do not include momentum
because most simulators for computer games trade off momentum
conservation for stability. Furthermore, the approximate collision
resolution models often do not conserve momentum either.

4 Numerical Error Tolerance

In this section, we will explore the use of our error metrics in a
complex game scene with a large number of objects. We will in-
ject error into this scene for different ODE phases, and measure the
response from these metrics to determine how far we can go when
trading accuracy for performance.

Before delving into the details, we briefly articulate the poten-
tial outcome of error injection in different ODE phases. Because
Broadphase is a first-pass filter on potentially colliding object-pairs,
it can only create functional errors by ommiting actually colliding
pairs. Since Narrowphase will not see the ommitted pairs, the omis-
sions can lead to missed collisions, increased penetration (if colli-
sion is detected later), and, in the worst case, tunneling (collision
never detected). On the other hand, poor Broadphase filtering can
degrade performance by sending Narrowphase more object-pairs
to process. Errors in Narrowphase may lead to missed collisions
or different contact points. The results are similar to omission by
Broadphase, but can also include errors in the angular component
of linear velocity due to errors in contact points. Because Island
processing sets up the constraint equations to be solved, errors here
can drastically alter the motion of objects, causing movement with-
out applied force. Errors inside the LCP solver will alter the applied
force due to collisions. Therefore, the resulting momentum of two
colliding objects may be severely increased or dampened. Since the
LCP algorithm is designed to self-correct algorithmic errors by it-
erating multiple times, LCP will most likely be more error tolerant
than Island Processing.

While our study focuses on rigid body simulation, we qualitatively
argue that perceptual error tolerance can be exploited similarly in
particle, fluid, and cloth simulation. Rigid body simulation in some
sense has tighter requirements for accuracy than other types of real-
time physical simulation. Unexpected behaviors (interpentration,
unexpected increases in velocity, etc) are more often visually ap-
parent because rigid bodies are often used to model larger objects,
which usually affect gameplay. In contrast, errors in a particle sim-
ulation are more likely to be tolerated by the viewer because the ar-
tifacts themselves are smaller phenomena. We conjecture that fluid
and cloth simulation (particularly those that are particle-based) are
likely to exhibit similar numerical tolerance, as the visual represen-
tations (such as the fluid surface or cloth mesh) represents a down
sampling of the underlying physical model. That is, many particles
can represent a volume of fluid, but fewer actually represent the
surface. We leave the empirical evaluation for future work.

4.1 Numerical Error Analysis

For this initial error analysis, we ran a series of experiments where
we injected an increasing degree of error into different phases of
ODE. Figure 5 demonstrates the maximal error that results from
error injection on our seven perceptual metrics. Following the error
injection methodology of section 3, we progressively increased the
maximum possible error in order-of-magnitude steps from 0.0001%
to 100% of the correct value, labeling this range 1.E-6 to 1.E+00
along the x-axis. We show results for injecting error into each of
the four ODE phases alone, and then an All result when injecting
error into all phases of ODE.

The serial phases, Broadphase and Island Processing, exhibit the
the highest and lowest per phase error tolerance respectively. Only
Broadphase does not result in simulation blow-up as increasingly
large errors are injected. Island Processing is the most sensitive in-
dividual phase to error. The highly parallel phases of Narrowphase
and LCP show similar average sentivity to error. We will make use
of these per-phase sensitivity differences when trading accuracy for
performance.

As shown by the graphs in Figure 5, most of the metrics are strongly
correlated. Most metrics show a distinct flat portion and a knee
where the difference starts to increase rapidly. As these errors pile
up, the energy in the system grows as there are higher velocities,
deeper penetrations, and more constraint violations. The exceptions
are gap distance and linear velocity angle. Gap distance remains
consistently small. One reason for this is the filtering that is done
in collision detection. For a gap error to occur, broadphase would
need to allow two objects which are not actually colliding to get
to narrowphase, and narrowphase would need to mistakenly find
that these objects were actually not in contact with one another. A
penetration error is much easier to generate — only one of the two
phases needs to incorrectly detect that two objects are not colliding.

The angle of linear velocity does not correlate with other metrics
either — in fact, the measured error actually decreases with more
error. The problem with this metric is that colliding objects with
even very small velocities can have drastically different angles of
deflection depending on the error injected in any one of the four
phases. From the determination of contact points to the eventual
solution of resultant velocity, errors in angle of deflection can truly
propagate. However, we observe that these maximal errors in the
angle of linear velocity are extremely rare and mainly occur in the
bricks composing our wall that are seeing extremely small amounts
of jitter. This error typically lasts only a single frame and is not
readily visible.
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Figure 5: Perceptual Metrics Data for Error-Injection. X-axis shows the maximum possible injected error. Note: Extremely large numbers
and infinity are converted to the max value of each Y-axis scale for better visualization.

While these maximal error values are interesting, as shown in fig-
ure 6, the average error in our numerical metrics and the stan-
dard deviation of errors are both extremely small. This shows that
most objects in the simulation are behaving similarly to the base-
line. Only the percentage change in magnitude of linear velocity
has a significant average error. This is because magnitude change
on extremely small velocities can results in significant percentage

change.

4.2 Acceptable Error Threshold

Now that we have examined the response of PBA to injected error

error is extremely low, figure 6, with the majority of errors resulting
in imperceptible differences in behavior. Of the remaining errors,
many are simply transient errors lasting for a frame or two. We are
most concerned with the visible, persistent outliers that can even-
tually result in catastrophic errors. For many of the maximal error
curves, there is a clear point where the slope of the curve drasti-
cally increases — these are points of catastrophic errors that are not

tolerable by the system, as confirmed by a visual inspection of the

results.
Error Tolerance | Broadphase | Narrowphase | Island LCP All
Processing
(100 Samples) [1%] [1%] [0.01%] [1%] | [0.1%]

using our error metrics, the question still remains as to how much

error we can actually tolerate and keep the simulation believable.
Consider figure 5 where we show the maximum value of each met-
ric for a given level of error. Instead of using fixed thresholds to
evaluate simulation fidelity and find the largest amount of tolera-
ble error, we argue for finding the knee in the curve where simu-
lation differences start to diverge towards instability. The average
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Table 1: Max Error Tolerated for Each Computation Phase

Table 1 summarizes the maximum % error tolerated by each com-
putation phase (using 100 samples), based on finding the earliest
knee where the simulation blows up over all error metric curves. It
is interesting that A/l is more error tolerant than only injecting errors
in Island Processing. The reason for this behavior is that injecting
errors into more operations with A/l is similar to taking more sam-




Penetration Broadphase Narrowphase Island P ing |LCPsolver ALL

Max Error Avg Stddev_|Avg Stddev_[Avg Stddev [Avg Stddev |Avg Stddev
0.0001% 0.00 0.00 0.00 0.00] 0.00 0.00 0.00 0.00 0.00 0.00
0.0010% 0.00 0.00 0.00 0.00| 0.00 0.00 0.00 0.00 0.00 0.00
0.0100% 0.00 0.00: 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.1000% 0.00 0.00 0.00 0.00| 0.00 0.00 0.00 0.00 0.00 0.00

1.0000% 0.00 0.00: 0.00 0.00 0.00 0.01 0.00 0.00 inf inf
10.0000% 0.00 0.01 0.00 0.02 inf inf inf inf inf inf
100.0000% 0.00 0.02 inf inf inf inf inf inf inf inf
Constraint Broadphase Narrowphase Island ing |LCPsolver ALL
Max Error Avg Stddev[Avg Stddev_[Avg Stddev_[Avg Stddev [Avg Stddev

0.0001% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
0.0010% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
0.0100% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
0.1000% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%

1.0000% 0% 0% 0% 0% 1% 3%) 0% 0% inf inf
10.0000% 0% 0% inf inf inf inf inf inf inf inf
100.0000% 0% 0% inf inf inf inf inf inf inf inf
Linear Vel Broadphase Narrowphase Island Processing [LCPsolver ALL
Max Error Avg Stddev [Avg Stddev_[Avg Stddev_[Avg Stddev_[Avg Stddev
0.0001% 0% 0% 3% 34%| 0% 8%) 0% 9% 1% 18%
0.0010% 0% 0% 10% 79% 1% 14% 0% 10%| 3% 38%
0.0100% 0% 0% 3% 34%| 7% 36%| 1% 11% 4% 25%)
0.1000% 0% 0% 2% 20% 91%  245% 1% 9% 11% 49%
1.0000% 0% 0% 3% 26%| 826% 2427% 1% 13% 10%  185%
10.0000% 0% 0% 12% 53%| 5335% 42312% 7% 49% inf inf
100.0000% 0% 0% inf inf inf inf inf inf inf inf
Angular Vel Broadphase Narrowphase Island Processing |LCPsolver ALL
Max Error Avg Stddev_|Avg Stddev_|Avg Stddev_|Avg Stddev_|Avg Stddev

0.0001% 0.00 0.00 0.00 0.09 0.00 0.09 0.00 0.04 0.00 0.09
0.0010% 0.00 0.00: 0.00 0.09 0.00 0.07, 0.00 0.11] 0.00 0.09]
0.0100% 0.00 0.00 0.00 0.09 0.00 0.11 0.00 0.09 0.00 0.10
0.1000% 0.00 0.00! 0.00 0.12 0.00 0.11 0.00 0.06 0.01 0.12

1.0000% 0.00 0.00 0.01 0.18| 0.04 0.23 0.00 0.08, inf inf
10.0000% 0.00 0.00: inf inf inf inf inf inf inf inf
100.0000%| 0.00 0.00 inf inf inf inf inf inf inf inf
Linear Vel Angle |Broadphase Narrowphase Island Processing |LCPsolver [ALL |
Max Error Avg Stddev_[Avg Stddev_[Avg Stddev_[Avg Stddev|Avg Stddev
0.0001% 0.00 0.00: 0.01 0.07 0.00 0.04 0.00 0.05 0.01 0.06

0.0010% 0.00 0.00 0.01 0.07 0.00 0.05 0.00 0.05 0.01 0.07
0.0100% 0.00 0.00: 0.01 0.08| 0.01 0.06 0.01 0.06 0.01 0.08
0.1000% 0.00 0.00 0.01 0.10 0.01 0.05 0.01 0.06 0.02 0.09
1.0000% 0.00 0.00: 0.02 0.11 0.03 0.04, 0.01 0.07, 0.03 0.09
10.0000% 0.00 0.00 0.02 0.10| 0.03 0.07, 0.03 0.10 0.04 0.09
100.0000% 0.00 0.00 0.01 0.06 0.04 0.05] 0.04 0.05 0.03 0.06

Gap Broadphase Narrowphase Island P! ing |LCPsolver ALL
Max Error Avg Stddev_|Avg Stddev_[Avg Stddev_[Avg Stddev[Avg Stddev

0.0001%| 0.000 0.000( 0.000 0.000| 0.000 0.000| 0.000 0.000| 0.000 0.000
0.0010%| 0.000 0.000( 0.000 0.000| 0.000 0.000| 0.000 0.000| 0.000 0.000
0.0100%| 0.000 0.000( 0.000 0.000| 0.000 0.000| 0.000 0.000| 0.000 0.000
0.1000%| 0.000 0.000( 0.000 0.000| 0.000 0.000| 0.000 0.000| 0.000 0.000
1.0000%| 0.000 0.000| 0.000 0.000| 0.000 0.000f 0.000 0.000( 0.000 0.000
10.0000%| 0.000  0.000{ 0.000 0.000| 0.000 0.000| 0.000 0.000| 0.000 0.000
100.0000%| 0.000  0.000f 0.000 _ 0.000 inf inf 0.000  0.000] 0.000 _ 0.000

Figure 6: Average and Standard Deviation of Error-Injection

ples of a random variable. More samples lead to a converging mean
which in our case is zero.

To further support the choice made in Table 1, we consider four ap-
proaches: confirming our thresholds visually, comparing our errors
to a very simple scenario with clear error thresholds [O’Sullivan
et al. 2003], comparing the magnitude of our observed error to con-
straint reordering, and examining the effect of the time-step on this
error.

4.2.1 Threshold Evaluation 1

First we visually investigate the differences in our thresholds. The
initial pass of our visual inspection involved watching each error-
injected scene in real-time to see how believable the behavior
looked, including the presence of jitter, unrealistic deflections, etc.
This highly subjective test confirmed our thresholds, and only ex-
periments with error rates above our thresholds had clear visual er-
rors — bricks moving on their own, human figures flying apart, and
other chaotic developments.

Second, we specifically flagged errors that exceeded the thresh-
olds from [O’Sullivan et al. 2003]. By using their thresholds, we
could filter out errors that were certainly imperceptible. Objects
that were not flagged were made translucent, and objects that had
been flagged as having an error were colored according to the type
of error. We analyzed this behavior by slowly walking frame by
frame through the simulation. The errors we saw for error injection
at or below the thresholds of table 1 were transient — typically last-
ing only a single frame — and we would not have been able to distin-
guish them were it not for the coloring of objects and our pausing

at each frame to inspect the object positions. 3

4.2.2 Threshold Evaluation 2

We recreated the experiment used in [O’Sullivan et al. 2003] (but
with ODE) to generate the thresholds for perceptual metrics. This
scenario places two spheres on a 2-D plane: one is stationary and
the other has an initial velocity that results in a collision with the
stationary sphere. No gravity is used, and the spheres are placed
two meters above the ground plane. When evaluating this simple
scenario, the thresholds shown in the rightmost column of table 2,
extrapolated from prior work [O’Sullivan et al. 2003; Harrison et al.
2004], are sufficient. They are conservative enough to flag catas-
trophic errors such as tunneling, large penetration, and movement
without collision.

However, when applying this method to a complicated game-like
scenario, these thresholds become far too conservative. Even the
authors of [O’Sullivan et al. 2003] point out that thresholds for sim-
ple scenarios may not generalize to more complex animations. In
a chaotic environment with many collisions, it has been shown that
human perceptual acuity will become even worse - particularly in
areas of the simulation that are not the current focal point.

But since these metrics work for this simple example, we will use
the error rates from table 1 to inject error into this simple exam-
ple. Using the thresholds from [O’Sullivan et al. 2003], we were
unable to find any errors that exceeded these thresholds — the error
rates that we experimentally found in the previous section show no
perceptable error for this simple example.

4.2.3 Threshold Evaluation 3

Interestingly, when we enable reordering of constraints in ODE,
most of our perceptual metrics will exceed the thresholds from
[O’Sullivan et al. 2003], compared to a run without reordering.
There is no particular ordering which will generate an absolutely
correct simulation when using an iterative solver such as ODE’s
quickstep. Changes in the order in which constraints are solved can
result in simulation differences. The ordering present in the deter-
ministic, baseline simulation is arbitrarily determined by the order
in which objects were created during initialization. The same ex-
act set of initial conditions with a different initialization order will
result in constraint reordering relative to the original baseline.

Therefore, to understand this inherent variance in the ODE engine,
we have again colored objects with errors and analyzed each frame
of our simulation. The variance seen when enabling/disabling re-
ordering results in errors that are either imperceptible or transient.
Based on this analysis, we will use the magnitude of difference gen-
erated by reordering as a comparison point for the errors we have
experimentally found tolerable in table 1. Our goal is to leverage a
similar level of variance as what is observed for random reordering
when measuring the impact of error in PBA.

Table 2 shows the maximum errors in our perceptual metrics when
enabling reordering versus a baseline simulation of a complex scene
without any reordering. As a further reference point, we also
include the perceptual thresholds from the simple simulation de-
scribed in [O’Sullivan et al. 2003]. For the simple simulation, some
of our metrics were not used, and we mark these as not available
(NA). For baseline simulation, only absolute metrics (i.e. those that
require no comparison point like gap and penetration) are shown,

30ne such experiment is shown in the accompanying video.
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and relative metrics that would ordinarily be compared against the
baseline itself (i.e. linear velocity) are also marked NA.

Perceptual Metrics Random Reordering | Baseline | Simple Threshold

Energy (% change) -1% NA NA

Penetration (meters) 0.25 0.29 NA

Constraint Error (ratio) 0.05 0.05 0.03/0.2
Linear Vel (ratio) 5.27 NA -0.4/40.5
Angular Vel (radians/sec) 4.48 NA -20/+60
Linear Vel Angle (radians) 1.72 NA -0.87/+1.05
Gap (meters) 0.01 0.01 0.001

Table 2: Perceptual Metric Data for Random Reordering, Baseline,
and Simple Simulations

The first thing to notice from these results is that the magnitude of
maximal error for a complex scene (reordering and baseline) can be
much more than the simple scenario. The second thing to notice is
that despite some large variances in velocity and angle of deflection,
energy is still relatively unaffected. This indicates that these errors
are not catastrophic, and do not cause the simulation to blow up.
It is also interesting to notice the magnitude of penetration errors.
Penetration can be controlled by using a smaller time step, but by
observing the amount of penetration from a baseline at a given time
step, we can ensure that it does not get any worse from introduced
error.

The sheer magnitude of the errors from reordering relative to the
very conservative thresholds from prior work [O’Sullivan et al.
2003] demonstrates that these thresholds are not useful as a means
of guiding the tradeoff between accuracy and performance in large,
complex simulations. Furthermore, the similarity in magnitude of
the errors we found to be tolerable and the errors from reordering
establish credibility for the results in table 1.

4.2.4 Threshold Evaluation 4

Some metrics, such as penetration and gap, are dependent on the
time-step of the simulation — if objects are moving rapidly enough
and the time-step is too large, large penetrations can occur even
without injecting any error. To demonstrate the impact of the time-
step on our error metrics, we reduce the time step to 0.001. The
maximum penetration and gap at this time-step when injecting a
maximum 0.1% error into all phases of PBA reduce to 0.007 meters
and 0.005 meters respectively. The same metrics for a run without
any error injection reduce to 0.000 meters and 0.009 meters respec-
tively. Both metrics see a comparable reduction when shrinking the
time-step, which demonstrates that the larger magnitude penetra-
tion errors in figure 5 are a function of the time-step and not the
error injected.

5 Precision Reduction

Now that we can evaluate our perceptual metrics for complex sce-
narios, we apply our findings to the hardware-optimization tech-
nique of precision reduction.

5.1 Prior work

The IEEE 754 standard [Goldberg. 1991] defines the single preci-
sion floating-point format as shown in figure 7. The first bit is the
sign bit, the next eight bits are the exponent bits, and the next 23
bits are the mantissa (fraction) bits. There is an implicit 1 at the

S eeeeeeee mmmmmmmmmmmmmmmmmmmmmmm
01 89 31
i Nvidia half format (Cg16)

S eeeee mmmmmmmmmm

0156 15

i Reduced-Precision Floating Point [7 mantissa bits]

i S eeeeeeee mMmmmmmm

101 8.9 15

Figure 7: Floating-point Representation Formats (s = sign, e =
exponent, and m = mantissa)

beginning of the mantissa, so logically there are 24 mantissa bits.
When reducing a X number of mantissa bits, we remove the least-
significant X bits. There will never be a case where all information
is lost since there is always an implicit 1.

For graphics processing, Nvidia has proposed the 16-bit “half” for-
mat (Cgl6) [Mark et al. 2003] as shown in Figure 7. There is
one sign bit, and both the exponent and mantissa bits are reduced.
The Cgl6 format has been used for several embedded applica-
tions [Etiemble et al. 2005; Lacassagne et al. 2005; Eilert et al.
2004] outside of graphics. Reducing the exponent bits reduces the
range of representable values. While this is tolerable for media
applications, physics simulation is highly sensitive and quickly ex-
plodes based on our simulations.

Our methodology for precision reduction follows two prior pa-
pers [Samani et al. 1993; Fang et al. 2002]. Both prior work emu-
late variable-precision floating point arithmetic by using new C++
classes.

Prior work [Goddeke et al. 2006] has also compared the use of dou-
ble precision solvers with native, emulated, and mixed-precision
double precision support. They conclude that a mixed precision
approach gains performance by saving area while maintaining ac-
curacy. Our work further pushes the boundary of this area by re-
ducing precision below that of IEEE single-precision configured at
a per-phase granularity.

5.2 Methodology

We apply precision reduction first to both input values, then to the
result of operating on these precision-reduced inputs. This allows
for more accurate modeling than [Samani et al. 1993] and is com-
parable to [Fang et al. 2002]. Two rounding modes are supported
(round to nearest and truncation). We use function calls instead
of overloading arithmetic operations with a new class. This en-
ables us to separately tune the precision of code segments (such as
computation-phase) instead of the entire application. As the data
will show, there is a significant difference between the two gran-
ularities. We support the most frequently executed FP operations
for physics processing which have dedicated hardware support: +,
-, and *. Denormal handling is unchanged, so denormal values are
not impacted by precision reduction.

Our precision reduction analysis will focus on mantissa bit reduc-
tion because preliminary analysis of exponent bit reductions shows
high sensitivity (no tolerance for even a single bit of reduction).
A single exponent bit reduction can cause up to orders of magni-
tude errors being injected. If we follow the IEEE convention of
biased exponents, using 7 instead of 8 bits reduces the exponent
range from [-126,127] to [-63,64]. This can result in large % er-
rors as compared to the small % errors injected due to precision
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reduction.

5.3 Per Phase Precision Analysis

The following section analyzes the precision reduction tolerance of
each phase as well as Narrowphase + LCP. The reason for exam-
ining this combination of phases instead of all phases is because of
their highly parallel nature, described in section 2.4. The goal of
precision reduction is to reduce the die area of FPUs — and the fine-
grain parallelism in these two phases would be exploited by small,
relatively simple cores with FPUs in physics accelerators such as
PhysX or in GPUs. The FPUs in such simple cores would occupy a
considerable amount of overall core area.

Broadphase and Island Processing do not have vast amounts of
fine-grain parallelism, and would therefore need a smaller number
of more complex cores to ensure high performance. Therefore it is
unlikely that the FPU would occupy a sufficiently large fraction of
the complex core to make precision reduction worthwhile. How-
ever, we still present results here for all four phases for complete-
ness.

Based on the error tolerance shown in Table 1, we can numeri-
cally estimate the minimum number of mantissa bits for each phase.
When using the IEEE single-precision format with an implicit 1,
the maximum numerical error from using an X-bit mantissa with
rounding is 2~(X+1) and with truncation is 27%. Rounding allows
for both positive and negative errors while truncation only allows
negative errors.

Since base 2 numbers do not neatly map to the base 10 values shown
in Table 1, we present a range of possible minimum mantissa bits in
table 3 for rounding and truncation. Now that we have an estimate
on how far we can take precision reduction, we evaluate the actual
simulation results to confirm our estimation.

Mantissa Bits Broadphase | Narrowphase | Island LCP
Derived Processing
[round, truncate] | [5-6, 6-7] [5-6, 6-7] [12-13, 13-14] | [5-6, 6-7]

Table 3: Numerically-derived Min Mantissa Precision Tolerated
for Each Computation Phase

The top left graph of Figure 8 shows the actual simulation error
generated from precision reduction with rounding. This data corre-

sponds to the numerical analysis of 2 X+,

Following the same methodology we used in the section 4, we
summarize the per-phase minimum precision required in Table 4
based on data in Figure 8. When comparing Table 4 and Table 3,
we see that the actual simulation is more tolerant than the stricter
numerically-derived thresholds. This gives further confidence in
our numerical error tolerance thresholds.

We also studied the effects of truncation instead of rounding when
reducing precision (data not shown due to space constraints). Trun-
cation further optimizes area by removing the adder used for round-
ing. The metrics point to a minimum of 7 bits for the mantissa when
executing both Narrowphase and LCP with reduced precision. The
perceptual believability of 7-bit mantissa simulation is supported by
the fact that the average and standard deviation are well below the
very conservative thresholds of [O’Sullivan et al. 2003; Harrison
et al. 2004].

Mantissa Bits Broadphase | Narrowphase | Island LCP Narrow +
Simulated Processing LCP
[round, truncate] | [3, 4] [4,7] [7,8] [4.6] | [5,7]

Table 4: Simulation-based Min Mantissa Precision Tolerated for
Each Computation Phase

5.4 Hardware Area and Performance Improvement

For commercial physics accelerators such as PhysX and GPUs,
simple cores make up the bulk of the die area. In 90nm process
technology, a simple processor core’s area (assuming a 3mm? core)
would have the following breakdown: 30% memory area (0.9mm?),
50% logic and flops (1 Smm?), 10% register file (0.3mm?), and 10%
overhead (0.3mm~).

Reducing the mantissa from 24 (23 + implicit 1) bits to 8 (7 + im-
plicit 1) bits reduces the logic cost from 1.5mm? to about 0.5mm?.
The precision-reduced core is 33% smaller than the IEEE single-
precision core. This estimate is based on results from a high-level
synthesis tool tuned for generating area-efficient floating point dat-
apaths.

This 33% reduction in core area can be leveraged to increase the
number of cores in the same silicon area, reduce the overall silicon
area required for the cores, add performance-enhancing reduced-
precision SIMD hardware to each core, reduce energy by turning off
logic to handle unnecessary bits, or increase core clock frequency,
just to name a few options. A hybrid chip design that has support
for low-precision FP (at a higher throughput) and single-precision
FP (at a lower throughput) is a good way to exploit perceptual tol-
erance because the developer can choose between high-throughput
and high-accuracy. Components like the LCP solver and Narrow-
phase (which dominate the run time of PBA) would greatly benefit
from the higher throughput, and as we have shown, they are very
tolerant of reduced accuracy.

While the exact precision reduction tolerance may vary across dif-
ferent physics engines, this study shows the potential for leveraging
precision reduction for hardware optimizations such as area reduc-
tion, SIMD hardware, energy reduction, or increase core clock fre-
quency.

6 Simulation Time-Step

As described in Section 2.4, the simulation time-step largely de-
fines the accuracy of simulation. In this section, we apply a similar
methodology to study the effects of scaling the time-step. We re-
strict the data shown here to % energy difference as it has been
shown to be the main indication of simulation stability. Because
time advances in different granularities for these simulations, user
input needs to be injected at a common granularity where all simu-
lations see the inputs at the exact same time. The % energy differ-
ence also needs to be computed at a common interval for all time-
steps. Because of this restriction, we show results for time-steps of
0.001, 0.002, 0.003, 0.004, 0.005, 0.01, 0.015, 0.02, 0.03, and 0.06.
The common interval used is 0.06 second.

As shown on Figure 9, the maximum time-step (out of the ones
simulated) for the scenario we tested is 0.03 second. Although the
appropriate time-step may depend on details of the exact scenario,
this methodology can be leverage to tune this physics engine pa-
rameter for optimal performance.
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7 Conclusion

We have addressed the challenging problem of identifying the max-
imum error tolerance of physical simulation as it applies to inter-
active entertainment applications. We have proposed a set of nu-
merical metrics to gauge the believability of a simulation, explored
the maximal amount of generalized error injection for a complex
physical scenario, and examined two ways of exploiting this error
tolerance: reducing precision and tuning time-step.
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Abstract

Physics-based animation has enormous potential to im-
prove the realism of interactive entertainment through dy-
namic, immersive content creation. Despite the massively
parallel nature of physics simulation, fully exploiting this
parallelism to reach interactive frame rates will require
significant area to place the large number of cores. For-
tunately, interactive entertainment requires believability
rather than accuracy. Recent work shows that real-time
physics has a remarkable tolerance for reduced precision
of the significand in floating-point (FP) operations. In
this paper, we describe an architecture with a hierarchi-
cal floating-point unit (FPU) that leverages dynamic preci-
sion reduction to enable efficient FPU sharing among mul-
tiple cores. This sharing reduces the area required by these
cores, thereby allowing more cores to be packed into a given
area and exploiting more parallelism.

1 Introduction and Motivation

Physics-based animation (PBA) is becoming one of the
most important elements of interactive entertainment appli-
cations, such as computer games, largely because of the au-
tomation and realism that it offers. The immersive nature
of interactive entertainment relies on rapid, dynamic con-
tent creation and realistic visual effects. However, the bene-
fits of PBA come at a considerable computational cost, and
the demands of interactive entertainment require soft perfor-
mance bounds of 30-60 frames per second. Fortunately, the
physical simulation of complex scenes is massively paral-
lel in nature. Exploiting this parallelism is an active area of
research both in terms of software techniques and hardware
accelerators. Commercial physics-specific solutions [3, 13]
and modern processors [14] already take advantage of the
parallel nature of PBA with varying levels of success.

With such massive parallelism, chip multiprocessor [22]
(CMP) designs with large numbers of simple cores, such as
ParallAX [32], can achieve desirable frame rates. In these

designs, the more cores that can be packed into a single
piece of silicon, the more parallelism that can be exploited.
However, physics simulation uses extensive floating-point
(FP) calculation, and could require dedicated floating-point
unit (FPU) resources at each simple core. If these resources
could be effectively shared across multiple cores, the area
savings would result in greater core density and therefore
greater exploitation of parallelism. However, contention for
shared FP resources can impact performance depending on
the degree of sharing.

Fortunately, PBA offers more than just massive paral-
lelism to architects as a means of achieving high perfor-
mance. In particular it can be error tolerant — interac-
tive entertainment requires perceptually believable results
rather than numerically correct results. The user must be
able to suspend disbelief and become immersed in the vir-
tual world, but human perceptual tolerance to small errors
is quite high [7, 23]. While the amount of error tolerance in
PBA varies with the individual phase of the simulation and
the scenario being modeled, prior work [34] has demon-
strated that bounding the difference in total energy during a
simulation can reliably ensure believability. We propose to
leverage this observation to dynamically tune the precision
of FP operations in PBA to provide just enough precision
to approximately conserve simulation energy, and therefore
ensure believability.

Our paper makes the following contributions:

e We propose dynamic FP precision tuning in PBA to
leverage perceptual error tolerance.

e We identify and leverage three main benefits of preci-
sion reduction:

1. Increased Number of Trivial Operations: Pre-
cision reduction enables new conditions and in-
creased chances that a FP computation will not
require the use of an FPU — such operations are
trivial (e.g., adding shifted out operand, multipli-
cation by one).
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2. Value Locality: Precision reduction improves the
locality that exists (a) among similar objects in
similar scenarios and (b) across iterations during
the relaxation of constraints.

3. Reduced Precision FPU: Smaller, faster, and less
power hungry FPUs can be used to replace full
precision FPUs. However, the varying precision
requirement necessitates occasional access to full
precision FPUs.

e We propose and investigate the hierarchical sharing
of FPU resources among simple cores in PBA. The
L1 FPU designs leverage the benefits of precision re-
duction to execute FP operations locally, and the full-
precision L2 FPUs are shared among multiple cores
for area reduction. Area savings from FPU sharing can
translate directly to performance by adding more sim-
ple cores. Per phase performance is increased by up to
55% while per phase energy is simultaneously reduced
by up to 50% when compared to a baseline without
FPU sharing.

The rest of the paper is organized as follows. Section 2
presents background information on real-time physics sim-
ulation and reviews the most related work to this study.
Section 3 details our methodology. Section 4 discusses dy-
namic precision tuning and techniques to exploit perceptual
error tolerance. Section 5 details our hierarchical FPU ar-
chitecture which leverages precision reduction for effective
sharing of FPU resources. We conclude with Section 6.

2 Background and Related Work

The most relevant work falls into three categories: real-
time physics, conjoined cores, and FP optimization.

2.1 Real-Time Physics for Interactive En-
tertainment

Physics simulation requires the numerical solution of a
discrete approximation of the differential equations of mo-
tion of all objects in a scene. Articulations between objects,
and contact configurations are most often solved with con-
straint based approaches such as [6, 20, 13].

Physics Acceleration. ParallAX [32] is a heteroge-
neous architecture for physics acceleration that combines
a smaller set of more powerful cores, for simulation re-
gions with limited or coarse-grain parallelism, with a much
larger set of simple cores, for regions with massive par-
allelism. [15] characterizes physics-based simulation for
computer animation and visual special effects used for mo-
tion pictures. Simulations with a 64-core chip multipro-
cessor (CMP) show very high on-die and main memory

bandwidth requirements, and most modules have little inter-
thread communication.

Error Tolerance for Physics. Barzel et al. [7] is credited
with the introduction of the plausible simulation concept,
and [23] is a 2004 state of the art survey report on the field
of perceptual adaptive techniques proposed in the graph-
ics community. Chapter 4 of [27] compares three physics
engines by conducting tests on friction, gyroscopic forces,
bounce, constraints, accuracy, scalability, stability, and en-
ergy conservation. All tests show significant differences
between the three engines, producing different simulation
results with the same initial conditions. Even without any
error-injection, there is no single correct simulation for real-
time physics simulation in games as the algorithms are op-
timized for speed rather than accuracy. Yeh et al. [34] went
beyond simple, manually created scenarios used in previous
studies to examine complex, physics-engine driven scenar-
ios typical for games. The study provides a methodology
to measure believability. After looking at gap and penetra-
tion errors, linear and angular velocity, and the angle of de-
flection for all objects in each scenario, they found that the
difference in total energy was a reliable predictor of believ-
ability. In other words their results show that approximate
energy conservation guarantees believability.

2.2 Conjoined Cores

Kumar et. al [18] proposed having two adjacent cores
in a CMP share a single floating-point unit (FPU), cross-
bar port, instruction cache, and data cache for area savings.
They looked at a simple policy where the cores take turns
using the shared resources every other cycle, and a more in-
telligent policy where either core can use a resource in any
cycle, but the arbitration priority among the cores switches
from cycle to cycle for fairness. Recent work [28] has ex-
tended this idea to share other core structures among more
than two cores. Sun’s Niagara [16] shares a single FPU
among eight cores. The cores access the FPU via a shared
bus — the latency seen for an individual FP operation is 40
cycles [29]. In this paper, we will use conjoin to describe
FPU sharing.

2.3 Floating-Point Optimization

The IEEE standard single precision FP representation
has a single sign bit (S), eight exponent bits (E), and 23
mantissa bits (M). These are packed in a 32-bit register to
represent numbers of the form (—1)92F=127(1.M). Preci-
sion reduction, as used in this study, refers to the removal
of less significant bits from the mantissa using a selected
rounding mode.

Not all FP operations need a functional unit to execute
— for certain input operands, FP instructions can be made
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trivial. For example, adding any number to zero is a trivial
operation: the result is simply the original number. Early
studies of trivial instructions [25, 26] focused on FP bench-
marks (SPEC 92 and Perfect Club) using a set of 8 triv-
ial computations: multiplication (by 0, 1, and -1), division
(X/Y with X =0,Y,-Y, and square root (of O and 1). Most
trivial operations were FP multiplies, and the percentage of
trivial operations per program ranged from near zero to 7%.
They only saw performance improvements in the range of
2-49% for a processor configuration similar to modern cores.

More recent work [35] expands the range of trivializable
operations to 26 types and categorize these as bypassable or
simplifiable. For SPEC 95/2000 and MediaBench bench-
mark suites, 13% and 6% of total dynamic instructions are
trivial which enables an 8% average performance improve-
ment. [5] studies the energy benefits of bypassing trivial
operations. Bypassing trivial operations results in average
energy and energy-delay improvement of 5% and 12% re-
spectively.

Prior work uses trivialization as a filter for memoization
and do not consider the effects of precision reduction. We
are the first to leverage trivialization to improve resource
sharing, and we propose new conditions which work with
dynamic precision tuning to increase the effectiveness of
trivialization.

A closely related technique to bypassing trivial opera-
tions is memoization or value reuse [25, 10]. Memoization
uses an on-chip table that dynamically caches the opcode,
input operands, and result of previously executed instruc-
tions. For each instruction, the opcode and input operands
are checked for a match in the table. If there is a match, the
cached result is reused instead of executing the instruction.
Fuzzy reuse [4] leverages the error tolerance of multimedia
to remove the lower significant bits of FP mantissas for the
input operand match. Full precision results are still stored.

Prior work uses reuse to break data dependencies, re-
duce instruction latency, and conserve energy — but we are
the first study to our knowledge to leverage memoization to
improve resource sharing.

Another technique related to both trivialization and
memoization is value prediction. Last value prediction [19]
reduces instruction latency and breaks data dependencies.
Yeh et al. [33] proposed fuzzy value prediction where a
certain amount of error can be tolerated without recovery.
However, value prediction requires speculative execution to
be effective. Therefore, these techniques will likely not be
cost effective for the simple, in-order fine-grain cores we
are targeting in this paper. We refer to [32] for details on
performance-area tradeoff of more complex cores vs the
simple ones.

3 Methodology

Physics Simulator. Our physics engine is a heavily mod-
ified implementation of the publicly available Open Dy-
namics Engine (ODE) version 0.7 [1]. ODE follows a
constraint-based approach for modeling articulated figures,
similar to [6, 20], and it is designed for efficiency rather
than accuracy. Our implementation supports more com-
plex physical functions, including cloth simulation, pre-
fractured objects, and explosions. We have parallelized it
using POSIX threads and a work-queue model with persis-
tent worker threads. POSIX threads minimize thread over-
head, while persistent threads eliminate thread creation and
destruction costs.

World State

New World State

| Broad-phase |—>| Narrow-phase I—,—p| Island Creation |4>| LCP Solver | :
(Object-Pairs) (Contacts Pomts) (Islands) (Object Positions)i

Collision Detection (CD) Island Processing (IP)

Figure 1. Physics engine flow. All phases
are serialized with respect to each other. Un-
shaded stages can exploit parallelism.

Our simulator can be described by the data-flow of com-
putational phases shown in Figure 1. In this study, we fo-
cus on the highly parallel phases of physics computation,
Narrow-phase and Linear Complementary Problem (LCP)
solver, for which prior work [34] has proposed a perceptual
error tolerance evaluation methodology.

Narrow-phase. This is the second step of collision de-
tection that determines the contact points between each pair
of colliding objects. Each pair’s computational load de-
pends on the geometric properties of the objects involved.
This phase exhibits massive fine-grain parallelism since
object-pairs are independent of each other.

LCP. Rigid body simulation involves the solving of
forces within each group of interconnected objects (island).
For each island, given the applied forces and torques, the
engine computes the resulting accelerations and integrates
them to compute the new position and velocity of each ob-
ject. Each island is independent, and the LCP solver for
each island contains loosely coupled iterations of work.

We leveraged the latest PhysicsBench suite [32, 2] for
this study — a set of eight physical scenarios that span differ-
ent physical actions and situations, covering a wide range of
game genres, and exercising a large part of ODE. The sim-
ulation time-step is 0.01 seconds and 3 steps are executed
per frame to ensure stability and prevent fast objects from
passing through other objects. We use 20 solver iterations
as recommended by [1].
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Architectural Simulator. We have modified SESC [24],
a cycle accurate architectural simulator, to model the Paral-
1AX [32] architecture. We extend SESC for per phase pre-
cision reduction tuning using different rounding modes. All
floating-point add, subtract, and multiply operations are ex-
ecuted with the specified precision in both the functional
and timing components of SESC. Precision reduction is
modeled by rounding both operands, executing the opera-
tion, and then rounding the result.

4 Precision Reduction

The perceptual error tolerance associated with interac-
tive entertainment applications reduces the required floating
point precision in PBA. Exploring and exploiting this obser-
vation is a key contribution of our paper and the subject of
this section.

4.1 Error Tolerance of FP Operations

Real-time physics for interactive entertainment must be
believable, but may sacrifice some accuracy. As discussed
in section 2.1, the total energy in the simulation is one way
of measuring the amount of tolerable error. By using the
law of energy conservation, the application can compute
the energy difference between successive simulation steps
to determine whether the simulation is diverging towards
instability. It should be noted that this energy conservation
takes into account externally injected energy by the player
or the game scenario. This energy difference can be com-
pared against empirically-derived thresholds to ensure be-
lievability. We added the dynamic monitoring of simulation
energy to the physics engine. This additional code is added
to the end of the simulation loop after integration. As each
object is moved to the new position, its energy can be cal-
culated and stored. The accumulation of energies can be
decoupled from the simulation loop calculation and is per-
formance insensitive. With one 32-bit floating point energy
value per object, this does not present a huge bandwidth bot-
tleneck. The overhead for computing energy in ODE scales
linearly with the number of objects and particles. Our code
to compute energy for each object requires 67 instructions,
and each particle requires roughly 27 instructions. For the
most complicated benchmark in PhysicsBench, Mix, this
overhead translates to less than 0.3% increase in dynamic
instruction count.

4.1.1 Minimum Required Precision

One way to leverage the error tolerance of real-time physics
is to reduce the amount of precision used in floating-point
(FP) operations. The minimum required number of man-
tissa bits before the error becomes discernable varies de-

LCP Narrowphase
Benchmark | RN [ J [ T [RN]| T [T
Breakable 8 17 | 13 17 | 10(21) | 23
Continuous 4 4 4 9 909 9
Deformable 3 4 8 9 909 9
Everything 10 | 10 | 23 18 | 10(17) | 19
Explosions 11 | 13| 9 21 14 (14) | 13
Highspeed 3 3 8 9 9(9) 9
Periodic 13 | 14 | 23 22 | 21(23) | 23
Ragdoll 5 5 9 9 921 9

Table 1. Minimum number of mantissa bits for
believable results (RN = Round-to-nearest, J
= Jamming, and T = Truncation).

pending on the particular phase of physics simulation and
the particular physics scenario being modeled. Table 1
demonstrates this variety across all simulated PhysBench
scenarios and across the two different fine-grain phases
of ODE. These results are based on 30 frames of simula-
tion following the methodology proposed in [34], and each
phase is evaluated independently of the other. We evalu-
ate three different rounding modes for reducing precision:
round-to-nearest, jamming, and truncation. Denormal han-
dling remains unchanged.

Round-to-nearest and truncation (round-to-zero) are
IEEE FP standard rounding modes. There is a significant
difference between the minimum required precision of these
two rounding modes. While round-to-nearest produces the
best result, it requires significant latency and area to round
both operands of each FP operation before execution. On
the other hand, truncation’s negative bias in error injection
results in much higher requirements.

To obtain the benefits of both, we look towards jamming,
arounding technique originally proposed by Burks et al. [8]
and used by Fang et al. [11]. Jamming performs a bit-level
OR of the least significant bit (LSB) and three subsequent
guard bits (GBs). The result is placed in the LSB. If LSB
is one then the GBs are ignored. If the LSB is zero, then
any one in the GBs will result in rounding the LSB to one.
This allows for very simple and fast logic, and the mean of
injected error is 0 with no biasing.

Table 1 presents results on the minimum level of preci-
sion that is tolerable when either LCP or Narrowphase is
considered alone (i.e. only one phase is precision reduced).
We use jamming for rounding in the rest of this work.

While independently exploring the precision at each
phase gives some intuition for the acceptable levels of pre-
cision required, we will be adaptively tuning the precision
of each phase simultaneously, and therefore the error in-
jected in one phase will impact the precision tolerance of the
other phase. Since 31% and 13% of dynamics instructions
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on average are FP for LCP and narrow-phase respectively,
we fix LCP’s required precision at the minimum found dur-
ing independent exploration and evaluate the new level of
precision required for narrow-phase. Dynamically preci-
sion tuning results for narrow-phase are shown in paren-
thesis. For some benchmarks, narrow-phase’s precision re-
quirement is higher when considering precision reduction
for both phases.

4.2 Dynamic Adaptation
Point Precision

of Floating

The wide range of desirable precision even across phases
of physics simulation would be difficult to capture with a
static technique. Furthermore, there could be unforseen,
pathological situations where the simulation diverges to-
ward instability even when adhering to a statically prede-
termined threshold.

Given these factors, it makes intuitive sense to dynami-
cally adapt the minimum required precision during execu-
tion. We propose a hardware/software co-design solution.
At development time, the programmer either chooses a de-
fault value or statically profiles the application using the
methodology described in [34]. This error tolerance data
can be used to select the minimum precisions for different
sections of computation based on the developer’s design.

At run-time, the application communicates the minimum
required precision of the current instruction region to the
hardware. The communication between software and hard-
ware is done by setting a control register to indicate the
minimum required mantissa width. The value in this reg-
ister corresponds to the current minimum precision of the
executing thread.

Based on dynamic information, the precision is tuned to
prevent severe degradation in simulation quality. Leverag-
ing the results from [34], we select the energy difference be-
tween successive steps as the dynamic information for tun-
ing. Based on statically determined thresholds of percent
energy difference, the application monitors its own simu-
lation quality. We use a threshold of 10% energy differ-
ence based on the results from [34] and our observation of
the energy data. When the threshold is violated, the appli-
cation throttles up the significand precision (to full preci-
sion) to prevent simulation blow-up. As noted earlier, this
energy difference takes externally injected energy into ac-
count. Therefore, the total energy across successive frames
may be drastically different without triggering precision ad-
justment. After the simulation stabilizes, the precision is
incrementally reduced after every simulation step until it
reaches the minimum value stored in the control register.

There can also be cases where the simulation blows up
without warning. In such extreme cases, functional correct-
ness is maintained by re-executing the previous simulation

step at full precision. We leave the full study on software
algorithms for controlling re-execution to future work.

Our simulations with the selected precisions do not result
in simulation energy divergence. This is a fail-safe mecha-
nism to capture unforeseen scenarios.

4.3 Opportunities Enabled by Dynamic
Precision Reduction

Our reliable, dynamic adaptation of precision enables
significant optimizations which we propose in this section.

4.3.1 Trivial FP Operations

Real-time physics simulation must be flexible enough to
handle a wide variety of scenarios, and therefore for differ-
ent inputs it may have comparisons or computations that are
trivial. One example would be a wall composed of stacked
bricks — if a projectile hits one part of this wall, bricks dis-
tant from the source of impact may not see any effect until
time progresses. Such trivial operations provide an interest-
ing opportunity to avoid expensive computation, and preci-
sion reduction greatly helps to increase the number of these
types of operations. In this section, we will focus on trivial
FP add, subtract, and multiply operations. FP addition and
multiplication account for 30% of the total dynamic instruc-
tion count for the LCP phase of real-time physics, illustrat-
ing the criticality of these operations.

| FP Operation | Representation ] Trivial when |

Add X+Y X=0or Y=0
Subtract X-Y X=0or Y=0
Multiply X*Y X=0or £1,0or Y=0or £1
Divide X/Y X=0or Y=*%1

Table 2. Conventional trivial cases

| Conditions for Increased Trivialization

Small mass difference between objects
Zero linear and angular velocities before collision
Small size difference between objects
Simple object shapes
Use of ground and gravity
Higher amount of articulation (human vs box)

Table 3. Factors increasing trivialization

Conventional trivialization logic for these operations in-
volves detecting operands that are zero, one, or negative
one, as illustrated in table 2. We propose three extensions
to conventional trivialization of FP operations:

1. Add/Subtract: If the magnitude of exponent difference
between the operands is greater than the number of
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valid mantissa bits plus one, then the operation be-
comes trivial: the result will simply be the larger of the
two operands. This is effectively addition/subtraction
by zero. The addition of one take into account the im-
plicit one of FP representation. Full precision of the
non-trivial operand can be used to minimize injected
error.

2. Multiply: If the reduced mantissa bits of one operand
are all zeroes (i.e. the mantissa is 1.0) then the result-
ing mantissa will simply be the other operand. Full
precision of the other operand can be used to minimize
injected error. The exponent and sign logic are still ex-
ecuted. This is the general case of multiplication by
1 x 2F or-1 x 2F for any exponent E.

3. Divide: If the full mantissa bits of the divisor are all
zeroes (i.e. the mantissa is 1.0) then the resulting man-
tissa will simply be the dividend. Full precision of the
dividend is used to minimize injected error. The ex-
ponent and sign logic are still executed. This is the
general case of division by 1 x 2F or -1 x 2¥ for any
exponent . Divide could also examine the reduced
divisor. Because the prior work on perceptual error
tolerance [34] only evaluated the precision reduction
of FP add, subtract, and multiply, we do not enable
trivialization of reduced divisors in this study.

Based on the area for a 64-bit floating-point unit (FPU)
in [10], we generate conservative estimates on the cost of
trivialization. For the newly proposed trivialization con-
ditions, a 8-bit adder is required for the exponent calcula-
tion. The area of a parallel prefix adder is O(m x logm X
K), where m is the number of bits. Assuming that the
technology-dependent factor K is independent of precision,
a 64-bit adder is about 16 times the area of an 8-bit adder.
In this paper, we use the conservative estimate of an area
ratio of 16.

4.3.2 Trivialization Details

Trivial operations are a result of both the nature of physi-
cal simulation and its numerical implementation. For ex-
ample, some objects come to rest or move in straight lines,
objects rarely rotate continuously, and some objects move
slowly, so many delta-quantities (e.g. changes in position)
are close to zero within a time-step. Numerically speaking,
rotational motion involves trigonometric quantities, such as
cosines and sines, whose trivial values are 1,0, —1. In addi-
tion, many computations involve normalized direction vec-
tors which often align with one of the standard unit vectors.

In LCP, the core computation involves multiplications
of 6-element matrices such as constraint forces, jacobian
matrices, and inverse jacobians. For each matrix, three ele-
ments refer to the linear components of each axis with val-

ues from the normal vector at the contact point. The other
three elements refer to angular components of each axis
computed as the cross-product of the contact normal with
the vector defined by the contact point and the first object’s
point of reference.

Table 3 presents some factors that contribute to trivial
operations, derived from directed tests using two rigid bod-
ies. For example, the collision of objects lacking angular
velocity may have more trivial operations than the collision
of spinning objects.

Based on simulations of the latest PhysicsBench [32]
with object-disabling and round-to-nearest for 200 simula-
tion steps (30 frames), we have compiled the trivialization
hit-rate with full precision using conventional conditions
versus reduced precision with all conditions in Table 4 for
LCP. Precision reduction and the new conditions increase
the effectiveness of trivialization by 62% for adds and 41%
for multiplies on average. This translates to an additional
15% and 13% of total FP adds and FP multiplies being triv-
ializable on average.

Trivial (Add,Mult) || Memo (Add,Mult)

Benchmark || 23-bit | Reduced 23-bit | Reduced

Bre 36,34 | 48,41 0,2 1,8

Con 49,43 | 71,62 0,1 8, 38

Def 32,31 | 61,64 0,2 7,35

Eve 35,33 | 43,38 0,3 1,6

Exp 28,25 | 38,29 0,7 1,10

Hig 27,23 | 54,49 0,8 11,51

Per 32,32 | 34,34 0,0 0,0

Rag 34,33 | 52,53 0,0 2,28

Table 4. Percent FP trivialized or memoized
with full and reduced precision for adds and
multiplies.

4.3.3 Locality of FP Operations

While many FP operations in real-time physics are trivializ-
able, a small number of non-trivial dynamic instructions are
repetitious. Using two 256-entry memoization tables, each
with 16-way associativity, we can see that less than 9% of
instructions exhibit good locality. One table is used per op-
eration type as suggested by [10]. This is summarized in
table 4. We use an XOR of the most significant bits in the
mantissas of the operands to index into separate tables for
add and multiply. In [10], the SPEC CPU2000 benchmarks
were shown to have a much higher hit rate of 20-30%, and
even use a smaller table size.

When memoizing precision reduced values, however,
there is certainly the immediate gain from the need to store
fewer bits per entry. But, there is also an increase in cov-
erage — with reduced precision, there are fewer possible
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values and combinations to memoize. Values that are very
close will become one value with reduced precision, poten-
tially combining multiple table entries into one. By leverag-
ing reduced precision, we see that the memoization hit rate
for FP multiply increases to the level seen for SPEC bench-
marks. All memoization results are shown in Table 4. Triv-
ializable operations are filtered from accessing the memo-
ization tables.

4.3.4 Lookup Table

Although precision reduction significantly improves the av-
erage hit-rate of FP multiply memoization, the data points
to the fact that the increased hit-rate is due to the reduction
in the range of possible operand values. Table 4 shows that
precision reduction significantly improve the memoization
hit-rates of Continuous, Deformable, Highspeed, and Rag-
doll. All of these require 5 or less mantissa bits. With n-bit
mantissa operands, the number of possible unique opera-
tions is 2" x 2% = 22" For a 4-bit or 3-bit mantissa, the
256-entry memoization table can store all possible operand
pairs resulting in 100% coverage. For a 5-bit mantissa, this
table can store 25% of all possible combinations. As the
minimum required precision increases to 7-bit and above,
precision reduction fails to improve hit-rates significantly.

This behavior leads us to propose the use of a lookup
table for computing narrow-width FP add and mult opera-
tions. By using a lookup table instead of memoization ta-
bles, area and latency are significantly improved, as shown
by Table 5. Instead of storing information about dynamic
instruction execution, the lookup table can be populated at
boot time. During run-time, no writes to the lookup table
are necessary. The index is 11 bits for the 2K entry table,
and the most significant bit denotes the type of FP opera-
tion (add vs mult). The output of the table is used as the
mantissa of the result.

For FP multiply lookup, the concatenation of the reduced
operands is used to index the table. If the minimum preci-
sion is less than 5 bits, we can still use 5 bits from each
operand to index the table for a more accurate result.

For FP add lookup, the smaller operand is first shifted
based on the exponent difference. This operation only re-
quires a small and fast 5-bit shifter. This means that the
implicit 1 of the smaller operand will be seen. Then, the
concatenation of the larger operand and the shifted operand
is used as the index. In FP add lookup entries, an additional
bit is stored to indicate the need to increment the exponent
by 1 for normalization of a carry out. Since we allocate 8
bits per entry, there is room for such annotation. One corner
case for FP add is when the two operands have the same ex-
ponent. In this case, indexing with the default scheme will
result in aliasing with a smaller operand which has been
shifted. One solution is to first detect this by an exponent

difference of zero, then appropriately handle the most sig-
nificant bit after the leading one. This solution does not
require any changes to the default scheme.

With the lookup table, there is no tag and only a single
rd/wr port is required since the table contents are not modi-
fied during execution — all values are preloaded. The mem-
oization table requires a read and a write port to support the
simultaneous read of an issuing operation and the writing of
result from the FPU calculation. However, despite this, we
give an advantage to the memoization tables by only charg-
ing it for a single rd/wr port in our area/energy estimation,
even though we simulate a table with two ports.

All data presented is generated using Cacti 3.0 [30]. For
the memoization tables, we use 64 address bits and 32 data
bits. For the lookup table, we use 11 address bits and 8
data bits — and disregard the contribution of tag area. For
benchmarks requiring precision less than 6 bits, the 2K-
entry lookup table (entries are 1B each) achieves a better
hit-rate than using the two (one for each operation type)
256 entry 16-way memoization tables (entries at 12B each)
we simulate. With the lookup table, the area requirement
is reduced by 77%. We assume a single cycle latency
for lookup. We implement the lookup table in dedicated
scratch-pad memory. When the required precision exceeds
five bits, the lookup table is no longer useful and the mem-
ory can be used for other purposes. Detailed evaluation of
this additional opportunity is left for future work.

| Table Type | Latency (ns) | Energy (nJ) ] Area (mm?) |

Lookup 0.40 0.03 0.08
Memo 0.88 0.73 0.35

Table 5. Lookup vs memoization table

S FPU Sharing

Precision reduction, including its effect on trivialization
and the opportunity of arithmetic lookup, provides us with
the opportunity to avoid or simplify work done by the FPU.
In this section, we will exploit this opportunity to facilitate
sharing of a single full-precision floating-point unit (FPU)
among a number of fine-grain (FG) cores in the ParallAX
architecture. The overall goal here is to reduce the area foot-
print of each FG core, enabling us to bring even more cores
to bear for a given silicon budget.

We use simple, in-order shader-class cores with the pa-
rameters shown in Table 6 in this study, and assume a
core area excluding the floating-point unit (FPU) of 2mm?
in 90nm technology. Published data on FPU area ranges
widely within the same technology due to parameters such
as the design flow, target latency, area allocation, and cir-
cuit optimization. To make this exploration more gener-
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ally applicable, we explore four FPU designs with vary-
ing area requirements: 1.5mm?2, 1.0mm?, 0.75mm?2, and
0.375mm?. These area estimates are based respectively on
results from a high-level synthesis tool tuned for generating
area-efficient floating point data-paths, and published data
from [18], [10], and [21].

Processor Pipeline 1-wide, 5-stages, in-order execution
Functional Units lint, 1 fp, 1 1d/st
Window/Scheduler 8,4

Branch Predictor 384B YAGS + 4-entry RAS

Local Inst Memory | 4KB, 1-cycle

Local Data Memory | 4KB, 1-cycle

Technology 90 nm

Clock Frequency 1GHz

FP Latencies fpALU (4) fpMult (4) fpDiv (20)
INT Latencies iALU (1) iMult (6) iDiv (40)

Table 6. Fine-grain shader core design
sallnnan
g L LT L]
1 2 4 8

Figure 2. Layout for one, two, four, and eight
cores sharing an FPU.
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If precision > 6 ! If Triv or Lookup
try to send to FPU\ Tits then kill
Wait for FPALU !
And execute : FPWB

Figure 3. Pipeline for FPU sharing.

The layouts for our assumptions on sharing 2, 4, and 8
cores are shown in figure 2. We adopt a simple policy for
arbitration to minimize latency — the cores simply take turns
accessing the FPU on alternating cycles for pipelined oper-
ations. So when a single FPU is shared among NN cores,
a given core will get access to the FPU once every N cy-
cles. If the core does not require the FPU in that cycle, the
opportunity to use the FPU is wasted. For long latency non-
pipelined FP operations such as divide, we assume alternat-
ing 3-cycle scheduling windows for each core as described
in [18]. These operations consist of a small percentage of
total FP operations for physics simulation.

RegFile

Core

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 4. Four cores sharing a single FPU —
each core has a trivialization and memoiza-
tion unit.

For sharing among 2 cores, 4 cores and 8 cores, we as-
sume O-cycle, 1-cycle, and 2-cycle latency penalties. Based
on mirroring of cores as described in [17, 18], sharing the
FPU among 2 cores can be accomplished with no added
latency. For the 4 core and 8 core sharing, we add conser-
vative latency estimates for the additional wire delay from
each core to the FPU. Using a 2mm x 2mm aspect ratio for
the cores, we assume a 2mm wire length for 4-core shar-
ing and a 4mm wire length for 8-core sharing. Based on
the 90nm information for the narrowest wire width in [9],
the one-way added delays are 0.074 ns and 0.296 ns respec-
tively. In section 5.2, we will evaluate the performance sen-
sitivity to added FPU latency.

5.1 Hierarchical FPUs

To attack the overhead of sharing, we propose a hierar-
chical FPU (HFPU) architecture. A small, simple L1 FPU is
placed local to each core for low latency and high through-
put, and the full precision FPUs are shared at the L2 level to
maximize area efficiency and to satisfy high-precision ex-
ecution. This is similar in concept to a cache hierarchy,
but we are sharing execution resources instead of storage
resource. If the required level of precision for a particular
operation exceeds the capability of the L1 FPU, then the op-
eration must be performed in the L2 FPU. While it may be
possible to use software support [12] to execute in the L1
FPU, we do not consider this alternative in this study.

We propose and evaluate the following L1 FPU design
alternatives. All L1 designs contain logic to handle simple
non-arithmetic FP operations. If a given operation exceeds
the capability of the L1 FPU, it will be executed in the L2
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FPU. We list the alternatives by increasing complexity of
the L1 FPU design.

1. Conventional Trivialization: The L1 FPU only con-
tains conventional trivialization logic — no precision
reduction.

2. Reduced Precision Trivialization: The L1 FPU uses
our reduced precision trivialization logic. Additional
exponent logic is required.

3. Lookup Table + Reduced Precision Trivialization: The
L1 FPU has our reduced precision trivialization logic,
exponent logic, and a local 2K-entry lookup table. FP
add and multiply instructions using mantissa precision
of less than six bits make use of the lookup table.
Figure 4 demonstrates a version of this design where
four cores share a single L2 FPU. Each core has an
L1 FPU with trivialization and lookup table hardware.
The pipeline change required for this FPU sharing is
illustrated in figure 3.

4. mini-FPU + Reduced Precision Trivialization: In ad-
dition to our reduced precision trivialization logic, this
L1 FPU has a mini-FPU: an FPU design that uses a 14-
bit mantissa and 8-bit exponents. FP add and multiply
operations with mantissa precision of less than 15 bits
can execute in this mini-FPU. The 14-bit precision is
chosen based on the (benchmark coverage)/(area) ra-
tio derived from Table 1. The intent of this design is to
provide potentially higher coverage at the L1 FPU, but
at a greater area cost.

Required Mechanism | Latency (cycles)

Trivialization or Look-up Table | 1

mini-FPU 3

Full FPU Arbitration 0-1 for 2-core sharing
0-3 for 4-core sharing
0-7 for 8-core sharing

0 for 2-core sharing

1 for 4-core sharing

2 for 8-core sharing

4 for fpALU and fpMult
20 for fpDiv

Interconnect Overhead

Full FPU Latency

Table 7. Variable FP Latency

5.1.1 Variable FP Latency

All components of HFPU’s variable FP latency are listed in
Table 7. If an operation can be satisfied by trivialization or
look-up table, it takes one cycle to complete. If the mini-
FPU is available and the operation can be satisfied by it, the
operation takes three cycles. If an operation requires the

full FPU, the exact latency is determined by accumulating
the required latencies of arbitration, interconnect overhead,
and full FPU operation.

While the latency for each operation is variable, the la-
tency of a non-trivial operation is known at issue time. This
is accomplished by using a local counter to indicate current
round-robin arbitration overhead. The interconnect over-
head and FPU latencies are fixed.

For the simple in-order, single-issue cores we modeled,
there is no dynamic instruction scheduler. Instructions are
dispatched in program order, so instruction scheduling is
done at compile time. SESC uses the MIPS-ISA, and we
compile with the -mips2 option without targeting a specific
microarchitecture. We do not leverage the fact that FP op
might be single cycle, and the same binary is used for all
simulations. If the operation is satisfied by the trivial or
look-up table logic, then the operation completes in 1 cycle.
If not, the pipeline stalls until the operation is completed.
Since the cores are in-order single-issue cores, the perfor-
mance impact of these stalls is not significant. In the case
of the look-up table, if the required precision can be sat-
isfied by the look-up table, 100% of operations sent to the
look-up table will be satisfied.

For more complex cores with dynamic instruction sched-
ulers, different implementations are possible:

1. Optimistically assumes 1 cycle latency. If the oper-
ation is not satisfied by the trivial or look-up table
logic, the pipeline stalls until the operation is com-
pleted. Once an operation is detected to require the full
FPU, the actual number of required cycles is known.

2. Pessimistically assumes the use of the full FPU.
The required number of cycles is known at begin-
ning of issue. This scheduling policy eliminates
stalls/flushes/replays and retains the energy savings
shown in the paper.

5.2 Results

For our performance simulations, we assume a baseline
ParallAX architecture with 128 simple (fine-grain) cores,
as described in Table 6, connected by a mesh interconnect.
Four different FPU designs with varying area requirements
(1.5 mm?2, 1.0 mm?2, 0.75 mm2, and 0.375 mmz) are eval-
uated. Area estimates include per core area (2 mm? each),
per core mesh interconnect routers (0.19 mm? each) [31],
the full-precision FPUs, and additional logic and structures
for different L1 FPU designs. The details of each configu-
ration are shown in Table 8.

For the 14-bit mantissa mini-FPU, we assume an area re-
quirement of 60% that of the full precision 23-bit mantissa
FPU. This ratio is based on the estimates of both prior work
on reduced precision FPU [11] and results from a high-level
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synthesis tool tuned for generating area-efficient floating
point data-paths. All area data is for 90nm technology.

Area Overhead Avg Per Core IPC
Architecture Per Core 4 Cores Per L2-FPU
(mmz) Narrowphase, LCP
Baseline (Conjoin) — 0.347,0.293
Conv Triv 0.0023 0.376, 0.319
Reduced Triv 0.0079 0.377,0.334
Reduced Triv 0.0079 +
Lookup Table 0.080 0.377, 0.357
Reduced Triv 0.0079 +
mini-FPU (14bit) | (0.6 x FP Area) 0.382, 0.364

Table 8. Evaluated designs. Conjoin refers
to baseline with FPU sharing. Area overhead
per core = additional area added to the 2 mm?
core.

First, we consider the lower area cost alternatives, and
then we will address the mini-FPU. Figures 5(a) (LCP) and
5(b) (Narrow-phase) demonstrate the aggregate improve-
ment in throughput over the baseline configuration with no
FPU sharing for LCP and narrow-phase respectively. The
four clusters along the x-axis represent the different FPU
area sizes we evaluate, and each cluster has four data points
for each architecture representing sharing a single L2 FPU
among one, two, four, and eight cores.

Note that any area saved by FPU sharing is used to add
more fine-grain cores, taking into account the interconnect
and core area as above. Therefore, two competing trends
will influence performance: (1) an increase in the number
of cores will mean more exploitation of parallelism and (2)
an increase in FPU sharing may mean worse per-core per-
formance due to the overhead of sharing. Since our base-
line has 128 cores, the total area available varies with the
assumed size of the FPU. For the four FPU sizes we evalu-
ate, the total die area is: 472 mm?2 for the 1.5 mm? FPU,
408 mm? for the 1.0 mm? FPU, 376 mm? for the 0.75
mm? FPU, and 328 mm? for the 0.375 mm? FPU. Figure 6
shows the total number of cores available to each configura-
tion in the same die area as that of the appropriate baseline
configuration with 128 cores.

The data across the two phases from figures 5(a) and
5(b) shows two attractive configurations: Reduced Preci-
sion Trivialization is better for Narrow-phase and Lookup
Table + Reduced Precision Trivialization is better for LCP.
As shown by Table 8, the per core IPCs of the two config-
urations for Narrow-phase are the same. The slight degra-
dation with Lookup is due to the lookup table area and the
fact that Narrow-phase always requires more than five bits
of precision — therefore the lookup table is not used. To
choose the better design, we also evaluate the energy and
power impact of these two HFPU designs.

To estimate the total dynamic energy consumed by FP
operations, we leverage the energy data for different sub-
units of the FPU presented in [10]. For configurations with
trivialization, all FP operations are charged the trivialization
logic energy. Non-trivial operations are then charged for
the FPU energy. The lookup table is activated when the
required precision falls below six bits. In these cases, all
FP operations are charged the trivialization plus the lookup
energies. The diamonds (secondary y-axis) of Figure 6(b)
show a clear energy advantage to using the lookup table for
LCP.

While performance is improved by sharing FPUs, in-
creased per-FPU utilization could worsen the existing hot
spot power density problem of FPUs [17]. To gauge the per-
FPU utilization, we show the % of FP operations that are
trivialized by trivialization or table lookup in the bars (pri-
mary y-axis) of Figure 6(b). The HFPU design trivializes
53% of FP operations in the FP intensive phase of LCP. This
suggests that the HFPU can lower per-FPU utilization when
sharing one FPU between two cores as compared to the un-
shared baseline. For sharing among four cores with HFPU,
per-FPU utilization will be similar to that of the prior work
on conjoined CMPs [18] sharing only among two cores.

Next we compare the mini-FPU design to our best
performing low-overhead L1 FPU. Figures 7(a) and 7(b)
demonstrates the improvement in throughput over the 128-
core baseline case for these designs — with figure 6 demon-
strating the number of cores possible with each architec-
ture. The mini-FPU design provides some improvement
over the baseline, but the area overhead of the L1 FPU re-
duces the performance of this approach in comparison with
the Lookup Table + Reduced Precision Trivialization L1
FPU.

Physics requires varying amount of numerical accuracy
across different phases and scenarios — a clear differentiat-
ing factor between the error tolerance of physics and me-
dia processing. In the worst case, full precision is required.
Therefore the mini-FPU cannot replace a full precision FPU
in a physics processor architecture — there must be the abil-
ity to do full-precision FP. This makes the mini-FPU design
inherently more costly, and argues for possibly sharing L1
FPUs among cores as well. We look at the case where the
mini-FPU is shared among either two or four cores. We
limit our exploration to configurations where the L2 FPU is
shared by at least as many cores as the L1 FPU. For the Fig-
ures, mini-FPU refers to no mini-FPU sharing. mini-FPU
2 shared one mini-FPU among 2 cores, and mini-FPU 4
shared one mini-FPU among 4 cores. As before, the x-axis
(Cores per FPU) refers to the degree of L2 FPU sharing.

When looking at the per core throughput in Table 8, the
14-bit mantissa mini-FPU has the highest IPC. This is a re-
sult of a 1-cycle reduction in latency and broad coverage of
benchmarks (14-bit mantissa satisfies 7/8 benchmarks for
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Figure 5. (a) HFPU LCP performance — (b) HFPU narrow-phase performance

LCP and 4/8 benchmarks for Narrow-phase). However, the
mini-FPU simply cannot pack as many cores into a given
silicon area due to its area overhead (as shown in figure 6),
resulting in a lower overall throughput. The mini-FPU de-
signs only become more attractive for the most aggressive
FPU design (0.375mm?) at the highest level of sharing.

As shown by the performance and energy data, the best
HFPU design we examined when considering both perfor-
mance and energy is to share one full-precision FPU among
4 cores using the Lookup Table + Reduced Precision Triv-
ialization L1 FPU. On average, HFPU improves LCP per-
formance over the baseline by 55%, 40%, 33%, and 20%
for the four FPU designs. On average, HFPU improves
Narrow-phase performance over the baseline by 46%, 32%,
25%, and 13%. Total dynamic energy expended for FP op-
erations is reduced by 50% for LCP and 27% for Narrow-
phase.

There are area and timing overheads when sharing a re-
source like the FPU among multiple cores regardless of the
L1 FPU design — these come from the arbitration logic re-
quired to choose which core will access the shared resource
and the interconnect cost to connect the cores and resource
together. We evaluated the performance sensitivity to in-
creased latency from sharing in Figure 8. The baseline for
these figures is the performance of the Lookup Table + Re-
duced Precision Trivialization sharing one FPU among two
cores. LCP (a) is shown to be more sensitive than Narrow-
phase (b) in this figure. For LCP, the performance of the
more aggressively designed FPUs suffers when the latency
increases beyond a single cycle.

6 Summary and Future Work

In this study, we exploit the inherent perceptual error tol-
erance of physics-based animation to dynamically adapt the
required precision for floating-point computation. Then, we
identify and leverage the benefits made possible by dynamic

precision tuning to design a hierarchical floating-point unit
(HFPU). This consists of an area-efficient L1 FPU and a
full-precision L2 FPU that is shared among a number of
cores in the ParallAX architecture. Our best performing L1
FPU design consists of our enhanced trivialization logic and
a mantissa lookup table — an area efficient design that allows
more cores to be packed into a particular silicon area. For
the range of FPU designs we consider, this L1 FPU coupled
with an L2 FPU that is shared among four cores provides an
improvement in overall throughput up to 55% and reduces
energy expended in the FPU by up to 50%.
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ABSTRACT

Future interactive entertainment applications will feature
the physical simulation of thousands of interacting objects
using explosions, breakable objects, and cloth effects. While
these applications require a tremendous amount of perfor-
mance to satisfy the minimum frame rate of 30 FPS, there
is a dramatic amount of parallelism in future physics work-
loads. How will future physics architectures leverage paral-
lelism to achieve the real-time constraint?

We propose and characterize a set of forward-looking bench-
marks to represent future physics load and explore the de-
sign space of future physics processors. In response to the
demand of this workload, we demonstrate an architecture
with a set of powerful cores and caches to provide perfor-
mance for the serial and coarse-grain parallel components of
physics simulation, along with a flexible set of simple cores
to exploit fine-grain parallelism. Our architecture combines
intelligent, application-aware 1.2 management with dynamic
coupling/allocation of simple cores to complex cores. Fur-
thermore, we perform sensitivity analysis on interconnect
alternatives to determine how tightly to couple these cores.

Categories and Subject Descriptors:
C.1 [Processor Architectures]: Multiple Data Stream Archi-
tectures C.3 [Special-Purpose and Application-based Sys-
tems|: Real-time and Embedded Systems

General Terms: Design, Performance.

Keywords: Application Specific Processor, Real-time Physics,

Physics Based Animation, Chip Multiprocessor, Stream Pro-
cessing, Interactive Entertainment.

1. INTRODUCTION AND MOTIVATION

Interactive entertainment (IE) applications demand high
performance from all architectural components. In the fu-
ture, this demand will increase even further. These appli-
cations will be composed of a diverse set of computation-
ally demanding tasks. One critical task is modeling how
objects and characters move and interact in a virtual en-

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
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Copyright 2007 ACM 978-1-59593-706-3/07/0006 ...$5.00.

vironment. Most current IE applications make use of pre-
recorded motion clips to synthesize the motion of virtual
objects (kinematics), but as these objects and their inter-
actions scale up in complexity, pre-recording has become
impractical. Physics-based simulation has emerged as an at-
tractive alternative to kinematics, providing high levels of
physical realism through motion calculation. Future appli-
cations targeting a true immersive experience will demand
this as a cornerstone of their design.

The benefits of physics-based simulation come with a con-
siderably higher computational cost. To maintain a fluid vi-
sual experience, IE applications typically provide at least a
30 frames per second (FPS) display rate (33ms per frame).
This is the total time allotted to all game components, in-
cluding physics-based simulation, graphics display, Al, and
game engine code. Conventional cores cannot meet the com-
putational demands of these applications. For example, in
Section 6 we show a realistic example where a single-core
desktop processor achieves only 2.3 FPS.

The difficulty in meeting the performance demands of
physics-based simulation is somewhat mitigated by the high
degree of parallelism available in these applications. Our
results show that on average 91% of a physics workload can
be broken down into parallel subtasks of varying granular-
ities. Although only 9% of the workload is serialized, on
a single desktop core this portion can take up to 125% of
the available frame time. This argues for an architecture
that has sufficient performance to tackle the serial tasks,
but also has the flexibility to fully exploit parallel regions.
There are existing designs that combine some number of
large coarse-granularity (CG) cores with a larger number of
fine-granularity (FG) cores, including GPUs connected to a
host CPU through a system bus [20], the Cell’s SPE’s paired
with its PPE [10], and a conventional core paired with multi-
ple vector units [14]. However, these designs lack flexibility
in how their cores can be utilized, making it difficult for
them to efficiently meet the demands of real-time physics.
This paper proposes a more flexible design that is optimized
to meet these demands, based on a design space exploration
that includes the number and type of cores required, the
amount of cache state required, and the interconnect re-
quired between these components.

In this paper, we make the following contributions:

e We devise a forward-looking benchmark suite for inter-
active, physical simulation. The suite combines rigid
body, cloth, debris and other features at a level of scale
commensurate with future-generation games.
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e We show that current multi-core architectures will not
be able to sustain interactive frame rates even when
the benchmark suite is aggressively parallelized. Oper-
ating system, cache contention, and control logic area
overhead all contribute to this conclusion.

e We propose an architecture with both CG and FG
cores that is able to sustain interactive frame rates
for physics workloads through efficient area utilization.
The key elements of this efficiency are:

— Intelligent, application-aware L2 management —
In section 6.1 we examine the L2 requirements
for physics simulation and propose a partitioning
strategy that reduces the required L2 space by
more than half.

— Dynamic coupling/allocation of FG cores to CG
cores — In section 7.1 we propose an arbitration
policy that balances the maximal utilization of
available FG core resources and the exploitation
of locality among FG cores working on the same
CG task.

— Relazed communication latency of FG and CG
cores— In sections 7.2 and 8.2.2 we explore de-
sign alternatives to interconnecting FG and CG
cores. The tight coupling of FG and CG cores can
restrict where these cores are placed (i.e. on/off
chip) and how effectively we can dynamically lever-
age FG cores. To loosen this coupling, we con-
sider the amount of buffering space and applica-
tion parallelism required to overlap communica-
tion for a variety of interconnection strategies.

The rest of this paper is organized as follows. In section 2
we discuss the related work. Section 3 describes our physics
engine and the associated computational load. In section 4
we propose a set of future-thinking benchmarks that rep-
resent a wide range of physical actions and entertainment
scenarios. Section 5 details the experimental setup. Sec-
tion 6 explores the performance of this suite on conventional
architectures and threading methodologies. In section 7 we
outline our proposed physics architecture, and in section 8
we explore its design space. We conclude in section 9.

2. RELATED WORK

RIKEN’s MDGRAPE-3 [26] and AGEIA’s PhysX [3] are
currently the only dedicated physics simulation accelerator
designs. While MD-GRAPE targets computational physics

with limited programmability, PhysX targets real-time physics

for games. Both designs are accelerator boards which con-
nect to the host CPU through a system bus.

Two other closely related bodies of prior work are wvector
processing [9] and stream computation [15, 12]. VIRAM]J13]
has achieved an order of magnitude performance improve-
ment on certain multimedia benchmarks. However, conven-
tional vector architectures are constrained [14] by limita-
tions such as a centralized register file, precise exception
handling, and an expensive on-chip memory system. While
CODE is scalable, the data shows a plateau at eight clusters
with eight lanes, and the cacheless CODE can not satisfy our
measured physics workload.

Stream architectures (SAs) aim to enable ASIC-like per-
formance efficiency with high-level language programmabil-
ity. Stream programs express computation as a signal flow

graph with streams of records flowing between computation
kernels. While a broad range of designs populate this space,
the high-level characteristics of SAs are described in [15].
The Stream Virtual Machine (SVM) architecture model log-
ically consists of three execution engines (control, kernel,
and DMA) and three storage structures (local registers, lo-
cal memory, and global memory). Related designs in this
space include IBM’s Cell, GPUs, and the Xbox360 system.

Heterogenous CMP designs such as the Cell target task
specific performance using different cores. However, accord-
ing to our exploration, both the PPE and SPE designs are
not optimal for physics computation. This may be a result
of the Cell being designed to execute all components of a
game, not just physics simulation.

The Graphics Processing Unit (GPU) [20] is another stream-
ing architecture design. GPUs are specialized hardware
cores designed to accelerate rendering and display. While
Havok’s FX allows effect physics simulation on GPUs, GPUs
are designed to maximize throughput from the graphics card
to the display — data that enters the pipeline and the results
of intermediate computations cannot be easily accessed by
the CPU. With the host CPU connected to the GPU via
a system bus, the long communication latency is problem-
atic for physics simulation working in a continuous feed-
back loop. This limitation is alleviated in the Xbox360 sys-
tem [4], which combines a 3-core CMP and GPU shaders.
This system allows the GPU to read from the FSB rather
than main memory and L2 data compression reduces the
required bandwidth.

In terms of physics engine software, both Ageia [3] and
Havok [8] provide proprietary SDKs. Open Dynamics En-
gine (ODE) [7] is the most popular open-source alternative.
It has been used in commercial settings, and provides APIs
and numerical techniques similar in nature to proprietary
engines. ODE is the basis of our physics engine.

3. PHYSICS SIMULATION WORKLOAD

In this section, we discuss physics simulation and identify
its main computational phases.

3.1 Our Physics Engine

Our physics engine is a heavily modified implementation
of the publicly available Open Dynamics Engine (ODE) ver-
sion 0.7 [7]. ODE follows a constraint-based approach for
modeling articulated figures, similar to [5, 18], and it is de-
signed for efficiency rather than accuracy. Our implemen-
tation supports more complex physical functions, including
cloth simulation, pre-fractured objects, and explosions. We
have parallelized it using pthreads and a work-queue model
with persistent worker threads. Pthreads minimize thread
overhead, while persistent threads eliminate thread creation
and destruction costs.

The following is the high-level algorithmic flow of ODE,
augmented with our changes (shown in italics).

1. Create and setup a dynamics world.
2. While (time < timeepnq)

(a) Apply forces to the objects as necessary (e.g. gravity).

(b) Calculate all pairs of objects that are in contact.
(c) For each pair of objects in contact do the following:
i. Compute the contact points and create the asso-
ciated contact constraints (joints).
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ii. If an explosive object makes contact with another
object, create a sphere representing blast radius.

iii. If a body makes contact with a cloth’s bounding

volume, insert body on cloth’s contact list.
iv. If a pre-fractured object is in contact with a blast

volume (sphere) break object into debris.

(d) Form groups (islands) of objects interconnected with
joints, i.e. find the connected components.

(e) Forward simulation step: For each island compute the
applied loads and the new positions/velocities of each
object.

(f) Check all breakable joints: if joint’s applied load has
exceeded a threshold, break the joint.

(g) Process all cloth objects by taking a forward simula-
tion step.

(h) Advance the time: time = time + At

3. End.

At the core (forward step) of the simulation loop lies the
constraint solver, which typically uses an iterative relaxation
method. There are two key parameters to trade off accuracy
for efficiency, the time-step At and the number of iterations
n. At defines the amount of simulated time that separates
successive executions of the simulation loop and defines the
number of executed loops per simulated second. n controls
how many relaxation steps the solver takes in a single step.

For our benchmarks, At is 0.01 seconds and 3 steps are
executed per frame to ensure stability and prevent fast ob-
jects from passing through other objects. We use a n of 20
as recommended by [7].

3.2 Computation Phases of Physics Workload

The steps in the above algorithm form a dataflow of com-
putational phases shown in Figure 1. All phases are se-
rialized with respect to each other, but unshaded stages
can exploit parallelism within the stage. Simulations such
as cloth and fluid are specializations of this. Because cloth
simulation presents a conceptually and numerically different
load than rigid-body simulation, we considered it a separate
phase. Below we describe the 5 computational phases in de-
tail. We will use the terms phase and task interchangeably.

Broad-phase. This is the first step of Collision De-
tection (CD). Using approximate bounding volumes, it ef-
ficiently culls away pairs of objects that cannot possibly col-
lide. While Broadphase does not have to be serialized, the
most useful algorithms are those that update a spatial repre-
sentation of the dynamic objects in a scene. And updating
these spatial structures (hash tables, kd-trees, sweep-and-
prune axes) is not easily mapped to parallel architectures.

Narrow-phase. This is the second step of CD that de-
termines the contact points between each pair of colliding
objects. Each pair’s computational load depends on the geo-
metric properties of the objects involved. The overall perfor-
mance is affected by broad-phase’s ability to minimize the
number of pairs considered in this phase. This phase ex-
hibits massive fine-grain (FG) parallelism since object-pairs
are independent of each other. Based on the number of
worker threads, we partition the object-pairs into equal sets.

Island Creation. After generating the contact joints
linking interacting objects together, the engine serially steps
through the list of all objects to create islands (connected
components) of interacting objects. This phase is serializing
in the sense that it must be completed before the next phase
can begin. The full topology of the contacts isn’t known
until the last pair is examined by the algorithm, and only

then can the constraint solvers begin. Practical techniques
for parallel island generation are not commonly available.

Island Processing. For each island, given the applied
forces and torques, the engine computes the resulting accel-
erations and integrates them to compute the new position
and velocity of each object. This phase exhibits both coarse-
grain (CG) and fine-grain (FG) parallelism. Each island is
independent, and the constraint solver for each island con-
tains independent iterations of work. We parallelized the
engine at both granularities. Only islands with more than
25 degrees-of-freedom removed are inserted into the work-
queue — smaller islands execute on the main thread.

Cloth Simulation. We have implemented cloth largely
based on Jakobsen’s position-based approach[11]. An exten-
sion of this approach that handles more general constraints
has been proposed by AGEIA[18]. A cloth object is repre-
sented using a triangular mesh where each edge represents
a length constraint. The constraints are solved using an
iterative constraint relaxation solver and the mesh is sim-
ulated forward in time using a Verlet integrator. Collision
detection is based on a combination of ray casting and axis-
aligned bounding volume hierarchies. Collision resolution is
based on a vertex projection scheme. This phase also ex-
hibits both CG and FG parallelism. Each cloth object is
independent, and the integrator contains independent tasks
for each vertex in the cloth object. We parallelized the en-
gine at both the object and vertex levels.

As we will demonstrate in the rest of this paper, physics
simulation differs from conventional workloads (i.e. SPEC
and multimedia) in the following ways:

e Concrete performance goals - a real-time constraint of
at least 30 FPS.

e Discrete phases of the application - with very different
levels of parallelism and architectural requirements.

e Tightly coupled application phases - these phases are
serial with respect to one another and feature a feed-
back loop not present in applications such as rendering.

4. FUTURE PHYSICS BENCHMARKS

We propose a comprehensive set of benchmarks to repre-
sent the complexity and scale of physics simulation in fu-
ture game-scenarios. Our benchmark suite can be leveraged
by: (1) computer architects/researchers to explore real-time
physics hardware/software designs, and (2) application de-
signers to determine gaming platform performance bounds.

Our benchmark design was guided by high-level physi-
cal actions and representative scenarios from different game
genres. Benchmarks are constructed with parameters for
problem-size scaling, and we use the set of features demon-
strated in Table 2. Table 3 explains the benchmarks while
Table 4 provides some statistical data.

Game physics data scaling has roughly tracked Moore’s
Law along an exponential path as developers load as much
physics onto a game as the minimum-spec system could han-
dle. This trend can be illustrated by three popular games:
(a) Unreal Tournament 2003, (b) Unreal Tournament 2004,
and (c) Gears of War 2006. From discussion with indus-
try insiders, the estimated number of rigid objects in these
games are 75, 100, and 200 respectively. That means that
the number of rigid bodies increased by 33% between 2003
and 2004 and by 100% between 2004 and 2006.

Past benchmarks [27] are limited to small scale rigid-body
interactions. Our suite has dramatically increased the types
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of simulations and number of interacting objects. Based on
information from Ageia, future games in development (like
Cell Factor Revolution, Auto Assault, and Stoked Rider)
targeting the PhysX card use 1000-10,000s of rigid body
objects, 10,000s of particles, and 1000s of vertices for de-
formable meshes (cloth). In contrast, physics targeting a
dual-core desktop processor tops out at 500 rigid bodies,
1000s of particles, and no deformable meshes.

5. EXPERIMENTAL SETUP

We used a Simics-based [16] full-system execution-driven
simulator. Both the cache and processor timing simulators
are from the GEMS toolset [17]. All L2 caches are based on
1MB 4-way banks, and Table 1 shows the configuration pa-
rameters used for the coarse-grain cores in our simulations.
Fine-grain cores are described in section 8.

Processor Pipeline: Functional Units:

4-wide, 14-stages 4 int, 2 fp, 2 1d/st

Window /Scheduler: Branch Predictor:

96, 32 entries 17KB YAGS + 64-entry RAS
Block size: L1 I/D caches:

64 bytes 32KB, 4-way, 2-cycle

L2 cache/banks: On-chip network:

15-cycle Point-to-point, 2-cycle per hop
Main Memory: 340 cycles | Clock Frequency: 2GHz

Table 1: Coarse-grain Core Design

All benchmarks are executed for 3 frames of physics sim-
ulation due to very long simulation times — the average in-
struction per frame is shown in table 3. Some benchmarks
require more than 4 days to complete a single frame when
simulating a 4-core design. The simulation proceeds with
0.01 second time steps. The benchmarks are setup with
most activity occuring in the first 10 frames. The frames
5-7 are executed, and the frame with longest execution time
is chosen. All benchmarks are warmed up for one physics
simulation step prior to execution of the selected frames.
The performance target is 30 frames-per-second (FPS).

The cores simulated in Simics are SPARC ISA processors
running Solaris 10 in single user mode. All binaries for per-
formance simulation do not include graphical display code
and are compiled by gcc 4.1.1 for the SPARC ISA using the
following flags: [-mcpu=v9 -mtune=ultrasparc3 -mvis -m32
-pthreads -O2]. For visual verification, we compile a sep-
arate set of binaries with visual display code for the x86
ISA. All instrumentation for separating computation phases
uses Simics’ MAGIC instruction, which is not counted when
calculating execution time.

5.1 Interconnect Models

For the on-chip 2D mesh interconnect, we used the data
in Table I from [24] for 90 nm technology. The per hop delay
is 1 cycle, and the router pipeline is 5 cycles (2GHz clock).
This network uses 64-bit flits, and four virtual channels can
simultaneously send data. We assume the packet header to
be 8-bit long, so each packet’s payload is 56-bit.

For the off-chip configurations, we assume the use of ei-
ther Hypertransport (HTX) [1] or PCI Express (PCle) [2] to
connect the discrete chips. On the fine-grain chip, the same
2D mesh described above connects all cores to the 1/0.

6. PERFORMANCE DEMANDS

This section examines physics simulation’s performance
demand by evaluating single-core performance, the per phase
working set, and the limits of coarse-grain (CG) parallelism.

Figure 2(a) shows the total execution time, broken down
into per phase contributions, of one frame for single-threaded
benchmarks running on a 2GHz single-core desktop-class
processor with a 1IMB L2 cache. The distribution of exe-
cution times shows good complexity scaling ranging from
Periodic to Miz. Only two benchmarks, Periodic and Rag-
doll satisfies the 30 FPS requirement. The most complicated
benchmark Mix requires over an order of magnitude perfor-
mance improvement to reach 30 FPS.

While Broadphase and Island Creation (the difficult to
parallelize phases - i.e. serial phases) make up only an av-
erage 9% of total execution time, they can still take up to
125% of one frame’s worth of time (i.e. 1/30th of a sec-
ond). This data forces us to optimize both the serial and
parallel components of this workload. The instruction mix
in figure 7(b) shows that serial phases and Narrowphase are
integer dominant with large amount of branches while par-
allel phases Island Processing and Cloth are FP dominant.

To determine the hardware requirement of future physics
applications, we first consider the working set for both the
serial and parallel portions. Then we explore the perfor-
mance impact of exploiting CG thread-level parallelism (TLP).

6.1 Working Set Analysis

After evaluating different core designs and L2 configura-
tions, we found the L2 cache design to be the dominant
factor affecting the serial phase performance. Figure 2 (b)
shows execution time for the serial phases as the L2 cache
is scaled from 1MB to 32MB by adding 4-way 1MB banks.
The banks are configured with a point-to-point network and
use a 2-level directory based MOESI coherency protocol [17].

Most misses are determined to be capacity misses by us-
ing 1024-way 1MB banks. A minimum of 4MB of L2 cache
is required to complete the serial phases within a frame’s
worth of time, and maximum performance requires a fully-
associative 16MB or a more realistic 32MB L2. These sizes
seem relatively large when we consider the number of ob-
jects in these simulations. A majority of L2 misses occur
inside the parallel phases, pointing to the possibility that
the parallel phase data evicts the serial phase data between
simulation steps. To illustrate this, we examine each phase’s
L2 effective working set size by saving the cache state at the
end of a phase and loading this cache state at the beginning
of the next step for the same phase. Figures 3 (a) and 4 (a)
show that the performance for both serial stages plateaus at
4MB, and the performance is within 7% of a 16MB L2 used
by all stages on Figure 2 (b).

Figures 3(b), 4(b), and 5(a) show the isolated L2 scaling
performance data for Narrowphase, Island Processing, and
Cloth respectively. Both Island Processing and Cloth are
relatively insensitive to L2 cache scaling. For Narrowphase,
the benchmarks Explosions and Highspeed show roughly 2X
improvement when scaling the L2 from 1MB to 16MB. This
behavior can be attributed to the large number of object-
pairs shown in Table 4. The increased amount of data re-
quired for FExplosions and Highspeed results in their higher
sensitivity to L2 cache size.
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Figure 1: Physics Engine Flow.

Constrained | Simulation of articulated objects connected with ideal joints. Virtual humans consist of 16 segments of

Rigid Bodies | anthropomorphic dimensions. Cars have a body, rotating wheels, and a suspension system of slider joints.

Terrains Uneven surfaces described by heightfields or trimeshes.

Breakable Joints are broken by accumulation of force or a single strong force exceeding a predetermined threshold.

Joints Bridges, cars, and robots contain breakable joints.

Prefractured | Each breakable object contains a set amount of debris that can break apart from the object. The object and

Objects geom representing each piece of debris is created at startup time and enabled once the object breaks.

Explosions Each object is marked with an explosive flag. If an explosive object makes contact with any other object, the
explosive object is replaced by a sphere representing the blast radius with predetermined duration.

Static Immobile objects that moving objects can come in contact with. They do not participate in forward

Obstacles stepping since they do not move but they do participate in collision detection.

Cloth Softbody modeling using constrained vertices that approximate a continuous surface. Large cloth objects use

Simulation 625 vertices to simulate drapery or netting. Small ones, typically attached to virtual humans, use 25 vertices.

Table 2: Features Found in Our Benchmarks

Benchmark | Avg Inst/Frame | Description

Periodic 34 million Role-playing scenario with 30 humanoids engaging in hand-to-hand combat.

Ragdoll 36 million First-person shooter (FPS) scenario with 30 humanoids falling due to projectile impact.

Continuous | 47 million Racing scenario with 30 cars driving on terrain and between obstacles.

Breakable 256 million FPS scenario with cannons shooting and bombs exploding in 3 areas enclosed by walls.

Deformable | 409 million Sports/Action scenario with 30 uniformed players and 2 large cloth objects.

Explosions 547 million Real-time strategy scenario with an army fighting in an urban environment with explosives.

Highspeed 518 million Action scenario with 20 cars crashing and non-explosive high-speed rockets destroying 10 buildings.

Mix 829 million A combination of all the features/entities used in the previous 7 benchmarks. There are 3
buildings, 6 bridges, 30 uniformed humanoids and 6 vehicles.

Table 3: Our Physics Benchmarking Suite

Benchmark || Obj-Pairs | Islands | Cloth Objs [vertices| | Static Objs | Dynamic Objs | Prefractured Objs | Static Joints
Per 2,633 9]0 0 480 0 480
Rag 2,064 300 0 480 0 480
Con 3,182 3710 1,700 650 0 120
Bre 11,715 97 | 0 0 1,608 5,652 564
Def 7,871 89 | 32 [2000] 480 480 0 480
Exp 21,986 58 | 0 0 3,459 0 200
Hig 21,041 12 1 0 0 3,309 0 80
Mix 16,367 28 | 33 [2625] 0 1,608 5,652 564

Table 4: Benchmark Specs
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Figure 2: (a) Execution Time Breakdown of 1 Core + 1MB L2 — (b) Single Core Execution of Serial Parts
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With dedicated cache space for each computation phase,
the L2 cache requirement has been significantly reduced.
The serial stages now each require 4MB of L2 cache space.
Because Broadphase uses shape data (geom) for collision de-
tection and Island Creation uses object and joint data to
create islands, there is little data sharing between these two
phases. The memory required per object and geom is 412B
and 116B respectively. The memory required per joint varies
between 148B to 392B depending on the type. To obtain the
performance shown on Figures 3(a) and 4(a), we allocate
8MB of L2 with 4MB dedicated to each serial phase.

When executing the parallel phases in single-thread mode,
1MB of additional L2 space is sufficient to obtain the bulk
of the performance. This 1IMB can be shared between all
three phases since there will be sharing between Broadphase
and Narrowphase and between Island Creation and Island
Processing. The cache space dedicated to the serial phases
should be read-only during parallel phases.

However, the cache requirement for parallel phases changes
with the number of simultaneously active threads. To better
understand this, we vary the number of processor cores that
are available to exploit coarse grain parallelism along with
the total L2 space. While Cloth continues to be insensitive
to L2 cache size, both Narrowphase and Island Processing
see an interesting shift in L2 sensitivity. At two threads,
these phases improve performance with the same dedicated
L2 cache because of the increased TLP. However, at four
threads, thrashing between threads grows considerably and
drives demand for L2 space higher. For Island Processing,
1MB of dedicated L2 cache degrades performance when scal-
ing from 1 to 4 cores. The memory requirement per island
depends on the number of joints, bodies, and degrees-of-
freedom removed. To satisfy this demand, we allocate an
additional 4MB of L2 cache space for the parallel phases in
the rest of our experiments.

6.2 Exploiting Coarse-Grain Parallelism

Figure 5 (b) shows the performance as we scale up the
number of cores per processor. With every additional core,
we add an additional worker thread. The L2 cache space
is allocated at a phase granularity according to the ear-
lier observations: (12MB total — organized into three 4AMB
partitions [25, 21, 28]: one for Broadphase, one for Island
Creation, and one for the parallel sections). Phase iden-
tification for physics simulation is trivial as shown by the
sequential flow of Figure 1. Depending on the computation
phase, different parts of the shared L2 are used for writing
data. Future work will examine L2 cache size reduction by
prefetching, per-thread cache management, and DMAs.

The L2 is composed of 1MB 4-way cache banks, and the
partitioning granularity is done per cache way [6]. Because
serial stages are more sensitive to load latency, the 4MB
cache partitions for the serial stages are allocated near the
CG core used for serial execution. To attain minimal L2
latency for each serial phase, the main thread will execute
Broadphase on one CG core and Island Creation on another.

Figure 5 (b) clearly shows that the performance improve-
ment starts to plateau at 4 cores. On average, scaling from
one to two cores improves performance by 53% and scaling
from two to four cores improves performance by 29%. Fig-
ure 6 (a) shows the execution time breakdown for a four
core processor with 12MB total L2 cache space. The per-
formance has improved by roughly 3X, but we still need an

additional 5X improvement to satisfy all benchmarks. Per-
formance starts to degrade at eight cores (not shown). This
degradation is surprising, but can be attributed to two main
causes: an increased working set in the L2 cache and oper-
ating system overhead. For all parallel phases, additional
threads consume more cache space by simultaneously ac-
cessing data that had not needed to co-exist in the cache.
The large increase in L2 misses is shown in Figure 6 (b).

Scaling from four to eight threads results in a 5X increase
in L2 misses. Kernel memory accesses inside Island Process-
ing and Cloth make up most of the increase. The pmap com-
mand in Solaris 10 shows that each worker thread uses ap-
proximately 850KB of memory during two and four threaded
execution. At eight threads, each worker thread’s memory
usage jumps to around 5MB. This operating system effect
is being investigated further as future work.

Assuming the use of a custom-tuned operating system and
programmer defined memory mapping/management, CG scal-
ing may continue past four threads. However, even under
ideal conditions (removal of OS overhead and cache con-
tention, unlimited number of cores, and ideal load balanc-
ing), CG parallelism will not be sufficient to achieve inter-
active frame-rates. Figure 7(a) shows that Miz and De-
formable require more than a frame’s worth of time just
for Island Processing and Cloth. When considering serial
phases, Explosions and Highspeed barely achieve 30 FPS.

There are two fundamental limitations to CG scaling: (1)
conventional threading overhead (synchronization and in-
creased working set) and (2) a poor datapath logic to con-
trol logic ratio. Due to conventional threading overhead,
island processing is parallelized at the per island level and
cloth simulation is parallelized at the cloth level. CG per-
formance scaling is thus bounded by the largest island and
cloth. Furthermore, the area ratio of control logic vs datap-
ath logic increases with core complexity. The use of complex
cores for physics acceleration will not be scalable as IE appli-
cations evolve with more features and complexity. Given the
tremendous amount of computation bandwidth required, it
will be shown in section 8 that the use of complex cores
results in prohibitively large die areas.

7. PARALLAX ARCHITECTURE

Figure 8 demonstrates two potential implementations of
our proposed architecture, ParallAX. In both implementa-
tions, we have a set of coarse-grain (CG) cores handling
tasks like serial phase computation, parallel task distribu-
tion, memory allocation, and the components of the parallel
phases which do not have large amounts of parallelism. A
larger pool of fine-grain (FG) cores handle the massively
parallel components of the computation. The key contribu-
tions here are (1) the flexible arbitration policy that provides
area-efficient utilization of available core resources (section 7.1),
(2) the L2 partitioning strategy that has already been ad-
dressed in section 6.1, and (3) an exploration of interconnect
sensitivity (sections 7.2 and 8.2.2). The two models of Fig-
ure 8 differ in whether they treat the CG cores as auxiliary
processing engines or as the main computational core for
a given system — this will be explored further in the third
component of our key contributions. In the rest of this sec-
tion we provide more details on our architecture, and then
perform a design space exploration in the next section.

Both sets of cores (CG and FG) are connected by 2D
meshes. The interconnection between these two sets can be
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Figure 8: ParallAX - Parallel Physics Accelerator

on-chip or off-chip. The CG cores communicate through the
shared L2-cache with banks connected via a 2D mesh. The
FG cores are connected via the on-core routers.

In terms of real-time physics tasks, CG cores handle Broad-
phase execution, providing a set of object-pairs to feed into
Narrowphase execution. Narrowphase has considerable par-
allelism, and the CG cores start to process individual sets
of object-pairs (CG parallelism). Object-pairs are then be
farmed out to the FG cores by the CG cores — CG cores
move both instructions and data into the FG cores.

FG parallelism refers to breaking computation down into:

e per object-pair for narrowphase collision detection

e per degree-of-freedom removed for LCP solver of island
processing

e per vertex in cloth simulation

These granularities were selected to extract loosely coupled
data parallelism. Our approach is to design a scalable sys-
tem by using a large number of area-efficient processing el-
ements. The selected granularities strike a good balance
between the lowest level of parallelism (ILP) vs. completely
decoupled parallelism (TLP). We refer the reader back to
Table 4 and Figure 11 for information on the number of
such FG tasks.

FG cores use local instruction and data memories instead
of caches, since the instructions and data required for each
task are easily determined. Each FG core iterates through
all the tasks assigned to it, and no communication is re-
quired between these FG cores as there are no data depen-
dencies between iterations. All FG cores execute the same
kernel at one time due to the dependency between phases
of physics computation. This argues for one pool of shared
FG resources for all kernels instead of unique cores dedi-
cated to each kernel. Although this observation is similar
to unified shader design [19], physics computation is inher-
ently different from graphics where little pipelining of the
phases described in section 3 can occur. There is additional

overhead involved in pushing the data to the FG cores and
retrieving the data back after computation completes.

7.1 Mapping Fine-Grain to Coarse-Grain Cores

There are a number of design decisions to be made in this
architecture. The first is how CG cores should map to FG
cores. One alternative would be to statically map some set
of FG cores to a single CG core, simplifying task schedul-
ing, but possibly underutilizing our pool of FG cores in cases
where one large task dominates the computation — the lim-
iting scenario for CG parallelism. Instead, we allow any CG
core to assign tasks to any FG core. However, there are two
concerns here: (1) arbitration for FG cores among the CG
cores and (2) maximizing FG core locality. This locality ex-
ists because FG tasks that comprise the same coarser-level
task use some common data. Therefore, when there is bal-
anced demand for FG cores among the CG cores, we would
like to evenly distribute FG cores among the CG cores to
maximize this locality and reduce data communication.

We propose a hierarchical arbitration policy to schedule
tasks to FG cores. We logically divide the FG cores evenly
among the CG cores. Each set of FG cores is controlled
by an arbiter. The arbiter assigns tasks to FG cores from
CG cores in a priority ordering — a different CG core has
priority on each arbiter. This ensures even sharing of FG
cores when we have an even load across the CG cores. If
the top-priority CG core for that arbiter no longer has any
FG tasks, or there are idle FG cores for that arbiter, the
arbiter checks the next CG core on its priority list (where
each arbiter has a unique priority order). This ensures that
one CG core with a larger load is able to utilize all FG cores.
Detailed load balancing studies will be future work.

7.2 CG to FG Communication Latency

Another design issue we explore is buffering tasks at the
FG cores to hide communication latency between CG and
FG cores. The more tasks that are sent to each FG core
at once, the more potential communication latency we can
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hide, and the looser we can make the coupling between CG
and FG cores. However, this requires that we have suffi-
cient buffering space and application parallelism to overlap
communication with computation. Looser coupling of cores
allows the use of less expensive interconnect, enables flexi-
ble placement of cores (i.e. off-chip), and facilitates flexible
mapping of FG to CG cores.

Our goal is to completely overlap all communication la-
tency with computation except for the startup cost of buffer-
ing communication and post process retrieval of results. With
the insatiable performance demands of IE, the primary goal
of a physics architecture is to maximize performance for a
given area. One way to maximize performance is to ensure
the cores are maximally utilized — they should never be idle
waiting for data to be sent to them. By overlapping commu-
nication and computation, we can avoid idle cycles for the
cores, and as we will show, the data required to buffer tasks
at the cores does not have a large impact on overall area.

Our CG cores and L2 cache banks connect via a 2D mesh,
and the FG cores connect to each other through a second 2D
mesh. The 2D mesh combines simplicity, area effeciciency,
and power efficiency. Its latency and power consumption are
slightly worse than a 2D torus, but its simplicity translates
to less design effort.

Given the large resource demand of FG cores and prior
work’s use of off-chip acceleration (i.e. both Ageia’s PhysX
and GPU-based physics acceleration), one natural question
to ask is whether future physics accelerators can be located
off-chip, tolerating inter-chip communication delays. To ad-
dress this, we examine two existing off-chip interconnect pro-
tocols to perform CG core to FG core communication: PCI
Express (PCle) and Hypertransport (HTX).

PCle, a system interconnect with a maximum half-duplex
bandwidth of 4 GB/s, is used by both GPUs and PhysX.
HTX, a co-processor interconnect with a maximum half-
duplex bandwidth of 20.8 GB/s, is used by AMD to connect
CPUs and co-processors. Additional local buffering is used
to overlap data communication and computation, and data
distribution from the I/O ports of the physics chip to the
individual FG cores is done via a 2-D mesh topology.

7.3 Programming Model

The orchestration of the FG cores need not require ISA
modifications. The memory locations of instructions and
data structure need to be remapped into the local memory
space of the FG cores, and FG kernel functions need to be
inlined. All of this can leverage existing compilers by adding
a new back-end customized for the FG cores.

Additional code to do data packing (before sending from
FG to CG cores) and data scattering (before sending from
CG to FG cores) is also required. The hand-shaking between
CG and FG cores for data transfers is similar to network
protocols using control and data packets. The control packet
includes task id (unique), data-set id (unique per task id),
data size, iteration count, and kernel id. Each data packet’s
header includes task id and data-set id.

The control packet, in conjunction with the previously de-
scribed arbiters, sets up the flow of data packets to FG cores.
Once the a full set of data is received on a FG core, the kernel
id chooses the kernel to execute (kernel code already resides
in FG cores). The iteration count indicates the number of
iterations to execute (the code assumes all FG tasks start
from iteration 0 and the data has been packed accordingly).

The task id uniquely identifies the CG thread which submit-
ted the FG request, and the data set id uniquely identifies
each FG core. This information is tracked on the CG core to
identify the results returned back from FG cores. Each CG
core has a network interface module to send, receive, and
buffer these packets. Each arbiter tracks FG core activity
by examining data packet headers.

8. DESIGN EXPLORATION

In this section, we explore the design space for ParallAX,
including different types of fine-grain (FG) cores and inter-
connect strategies for FG and coarse-grain (CG) cores. For
each design point, we will determine how many FG cores are
required to satisfy our workload and how much local buffer-
ing is required at each core to hide communication latency.
First, we characterize the FG components of parallel phases,
including memory requirements.

8.1 Characterizing Fine-Grain Computation

Figure 9 (a) shows the breakdown of Miz’s execution time
into serial, CG parallel, and FG parallel components. The
first set of three bars shows the data for one core with 9MB
of L2, and the 2nd set of three bars shows the data for
four cores with 12MB of L2 as described earlier. The serial
components’ execution time (not shown) does not change
significantly with increased number of cores or amount of
L2. The CG sections’ execution time decreased linearly as
we scale from one to four cores, and the FG sections’ time
decreased by slightly over 50%.

Looking at the four core data, the sum of serial and CG
components for Miz takes up 68% of one frame’s time. This
leaves 32% of one frame’s worth of time for completing all
of the FG computation.

8.1.1 Kernel Characterization

Figure 9 (b) shows the instruction mix for the FG kernels
in Narrowphase, Island Processing, and Cloth. NOPs have
been filtered out of the instruction mix. For all three, inte-
ger operations and memory reads are the top two instruction
types. The main difference between these kernels is the per-
cent of instructions dedicated to control-flow (branch and
floating point (FP) compare instructions) vs data-flow (FP
adds and multiplies).

Narrowphase contains 8% branch instructions and few FP
adds and multiplies. This contrasts greatly with both Island
Processing and cloth, where these instructions make up 32%
and 28% of the total respectively. Cloth differs from Island
Processing with more branches and its use of integer multi-
plies, FP divides, and FP squareroot instructions.

8.1.2 Memory Required for Inst and Data Storage

Next, we address how much instruction memory would be
required by a FG core. Based on the iterations we sampled,
the total number of unique static instructions in each kernel
is 277 for Narrowphase, 177 for Island Processing, and 221
for Cloth. With 32-bit instructions, the largest kernel can
be stored with 1.1KB of local memory. With 64-bit instruc-
tions, the largest kernel can be stored with 2.2KB of local
memory. To allow any FG core to be utilized in any parallel
phase, we allocate enough memory to store the code for all
three kernels. This requires 2.7KB for 32-bit instructions
(1.1KB for Narrowphase, 0.TKB for Island Processing, and
0.9KB for Cloth.)
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Figure 9: (a) Coarse-grain vs Fine-grain Execution

For data memory, we statistically sampled the total unique
data read from memory in each kernel for 100 iterations —
we found this to be 1,668B for NarrowPhase, 604B for Island
Processing, and 376B for Cloth. The total amount of unique
data written to memory in each kernel for 100 iterations is
100B for Narrowphase, 128B for Island Processing, and 308B
for Cloth. The required data storage at each core depends
on the buffering needed to hide communication latency.

Based on ths memory reuse exploration, the final FG core
design contains a total of 8KB local memory.

8.2 Fine-grain Core Design and Requirements

In order to complete the FG computations within the time
left, we would like to use as many cores as required to exploit
the level of parallelism needed. In addition to evaluating the
performance of a desktop core on these kernels, we examine
more area-efficient, simpler cores modeled after next gener-
ation console and GPU shader designs. An unrealistically
large core design is also used as a limit study on the avail-
able instruction level parallelism. Table 5 summarizes these
designs. As discussed previously, the memory behavior of
the FG cores is extremely regular. CG cores will send all
data required to the FG cores — i.e. memory requests at
the FG cores will always hit in the single-cycle 8KB local
memory. All cores run at 2GHz.

Desktop Intel Core Duo based core with 32-entry
Inst Window, 96-entry Reorder Buffer,
17KB YAGS, 4-wide 14-cycle pipeline.
IBM Cell based core with 8-entry Inst
Window, 32-entry Reorder Buffer, 17TKB
YAGS, 2-wide 12-cycle pipeline.

GPU shader based core with 1-entry Inst
Window, 32-entry Reorder Buffer, 1IKB
YAGS, 1-wide 8-cycle pipeline.
Unrealistic core with 128-entry Inst
Window, 512-entry Reorder Buffer, 64KB
YAGS, 128-wide 14-cycle pipeline.

Console

GPU Shader

Limit Study

Table 5: Our Fine-Grain Core Designs

Figure 10 (a) shows the performance, measured in IPC,
on the three kernels. Island and Cloth have bursty amounts
of ILP, as confirmed by the source code and the drastic de-
crease in IPC from the desktop-class to the console-class
cores. The limit study results show an IPC of over 4 for Is-
land and 1.5 for Cloth. Based on the source code, these two
kernels could potentially benefit from SIMD instructions.
Narrowphase degrades with more resources due to mispre-
dicted branch instructions. Ideal branch prediction (results
not shown) resulted in a 30% improvement in performance.

100% - il other
% 80% - Ewr port
;; 60% - Nrd port
E 40% A Ofloat mult
o\o° 20% - Bfloat add
0% - Obranch
Narrowphase  Island Cloth
Processing Hint alu
(b)
Time — (b) Instruction Mix of Fine-grain Kernels

8.2.1 Number of Finegrain Cores Required

Using the average IPC from Figure 10(a) and the dynamic
instruction count of FG computation, we show the number
of required cores for each design to reach 30 FPS for the
most demanding benchmark, Miz, in Figure 10(b). This
calculation assumes 100% utilization of FG cores during the
parallel sections, which we address in the next section. We
also assume that there are enough FG tasks to effectively
hide communication latency, except the startup and post-
process communication costs between CG to FG cores.

The first four sets of data in Figure 10(b) show the re-
quirement if a given % of the total frame time is available
for FG computation. Our 4-core CG simulation results (Fig-
ure 9(a)) left 32% of the frame time (the final set of bars).

The simulated time constraint using the 2D mesh on-chip
interconnect requires 30 desktop-class, 43 console-class, or
150 shader-class cores to achieve 30 FPS. With the HTX
off-chip interconnect, the number of shader-class cores in-
creased to 151. With the PCle interconnect, the number of
shader-class cores increases to 153. The desktop-class and
console-class core requirements remain the same for both
off-chip interconnects. For all interconnections, 2KB of lo-
cal storage is enough to buffer the minimum amount of data
to hide communication latency for all cases. However, these
interconnect alternatives differ in the amount of parallelism
required to hide communication latency.

Area Estimation..

By using published die areas and photos of single cores
from Intel Core Duo 2 [22], IBM Cell [10], and Nvidia G80 [23],
we derive area estimates for each core type using 90nm tech-
nology. The required interconnect area is derived from Table
IIT of [24]. The area estimates for 30 desktop, 43 console,
and 150 shader cores are 1388 mm®, 926 mm?, and 591 mm?
respectively. This argues for the simplest cores as the most
area-efficient alternative and points to a severe need of area
optimization, which will be a main thrust of our future work.

Current generation architectures certainly lack the com-
putational resources to meet the demands of real-time physics.
But simply scaling existing designs that statically map FG
cores to CG cores to match the performance demands will re-
quire considerably more area. For example, statically map-
ping GPU shaders only to particular CG cores will require
34% more area (in additional FG cores) than an architecture
that can more flexibly and efficiently leverage core resources.

8.2.2 Parallelism to Hide Interconnect Latency

So far, we have optimistically assumed that the parallel
phases of our workload could achieve 100% utilization of
the fine grain cores. To verify this, we gather the amount of
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Figure 10: (a) IPC of Fine-grain Core Types — (b) Number of Fine-grain Cores to Achieve 30 FPS

available FG tasks in each phase, assuming four CG threads.
As described earlier, the limit of CG parallelism is deter-
mined by the size of large islands. Table 6 shows the amount
of parallel FG tasks required to hide communication latency
for different core types and interconnect technologies.

Narrow, | On-chip HTX PCle

Island,

Cloth
Desktop | 30, 240, 60 30, 540, 120 60, 3000, 1650
Console | 43, 215, 86 43, 473, 172 129, 2236, 2408
Shader | 150, 600, 300 | 151, 1510, 755 | 308, 7700, 9394

Table 6: Number of Fine-Grain Tasks Required to
Hide Communication

With four threads, Figure 11 shows all benchmarks con-
tain enough parallel FG tasks to hide on-chip interconnect
latency to the number of FG cores indicated on Figure 10
(b) except Island Processing for Continuous and Deformable,
and Cloth for Deformable. Both benchmarks lack large is-
lands with more than 25 parallel FG tasks. Figure 6 (a) had
demonstrated that Continuous already executes at 30 FPS
without the use of any FG cores. For Deformable, Island
Processing does not take up a significant component of one
frame’s time. Both Continuous and Deformable can achieve
30 FPS without any FG parallelization of Island Processing.

When an off-chip interconnect is used, it becomes diffi-
cult to hide communication latency for Island Processing
and Cloth. By filtering islands and cloth with less than 50
FG tasks, HTX’s latency can be hidden. This reduces the
amount of work executed on FG cores by an average 2% for
Island Processing and 29% for Cloth. For PCle, it is not
possible to hide communication latency for cloth simulation
running on the console or shader cores. For Island Pro-
cessing, it becomes necessary to filter out islands with less
than 1710 FG tasks in order to hide communication latency.
This reduces the amount of work that can be executed on
FG cores by an average 59%.

For the configurations where communication latency is
fully hidden, only each phase’s startup and post-process
costs at each simulation step are added to the execution
time. When the communication latency is exposed, this
requires more FG cores to satisfy our performance bound,
which can increase area by 18% for on-chip FG shader cores
and 36% for off-chip (HTX) FG shader cores. One alterna-
tive to this would be to share local memories among multiple
FG cores to leverage data locality and reduce the required
communication — an exploration we leave for future work.

Although cloth is shown to have the least amount of FG
parallelism for the next generation of games, the number of

vertices used to model each cloth will likely scale up when
creating realistic cloth movement further into the future.

8.3 Implementation Alternatives

As described in section 2, our design is within the space
of streaming computation. Model 1 in Figure 8 shows how
the design maps onto the SVM architectural model. CG
cores map to the control processor, and FG cores map to
the kernel processor. The host memory maps to the global
memory, and local storage maps to local memory. The DMA
engine, however, is now part of the control processor. Due
to real-time physics simulation’s extensive use of dynamic
memory allocation, the data required for kernel computation
is dynamically allocated and then set up for computation.
All preparation happens on the CG cores first, then data is
sent to the local storage of FG cores. DMA functionality
can be implemented on the CG cores.

We evaluated on-chip and off-chip interconnects between
the CG and FG cores. The communication latency between
CG and FG computation cannot be hidden with the PCle
off-chip interconnect. This conclusion points to the tight-
ness of physics simulation’s feedback loop between the two
granularities of computation. However, by placing the en-
tire physics pipeline, both CG and FG resources, onto the
same discrete chip, off-chip physics accelerators such as MD-
GRAPE and PhysX with PCIE is feasible. Model 2 in Fig-
ure 8 shows such a design. By moving all physics hardware
onto a discrete, dedicated accelerator, pin-outs are increased
to allow for dedicated physics memory. Dedicated physics
memory may enable optimizations to reduce the dynamic
memory management and OS overheads described in sec-
tion 6. The control processor can preload statically allo-
cated data onto physics memory, and only the position and
orientation (60B) of each object, position (12B) of each par-
ticle, and position (12B) of mesh vertices are communicated
at the beginning and end of a frame. This small fixed over-
head is easily tolerated when using PCle (0.00006 seconds
for 1,000 objects, 10,000 particles, and 5,000 mesh vertices).

When using a GPU for physics acceleration, the GPU is
only effective for FG tasks. The model, as shown on Figure 5
of [15], ties a general purpose CPU to the GPU using an off-
chip interconnect. The serial and CG computation are done
on a CPU which may not be optimized for this workload,
and the off-chip latency from the CPU to the GPU will be
exposed many times within a frame (similar to our off-chip
evaluation) except when handling massive islands or cloths
(with 7700 to 9400 parallel FG tasks).

While first-generation physics accelerators may only need
to send object position and orientation back to the main
processor core(s), future demands will be more significant.

Google Ex. 1032 - Page 70



25,000 f—{lObject—Pairs Olsland Processing O Cloth Processing}

21,986 21,041
2 20,000 -
8 11,715 16,367
F 15,000
e
3
S 10,000
b 2,633 2,064 3,182 1,560
£ 5,000
710 315 25 320
O u

Continuous

Periodic

Ragdoll

Breakable Deformable Explosions

Highspeed Mix

Figure 11: Average Available Fine-grain Tasks

Truly immersive reality may only be possible when the re-
sults of physics-guided motion are communicated to other
components of IE applications. For example, an object that
breaks may generate sound or may alert an AI character.

9. SUMMARY

Physical simulation is becoming a significant component
of current and future interactive entertainment applications.
We have proposed ParallAX, an architecture that features
aggressive coarse-grain (CG) cores and area-efficient fine-
grain (FG) cores. The CG cores are designed with suffi-
cient, partitioned, cache space to handle both the serial and
coarse grain parallel components of physics simulation. The
set of FG cores exploit the massive fine-grain parallelism
available for certain components of the computation. FG
cores should be flexibly mapped to CG cores, and all cores
should either be located on the same silicon die or pack-
aged on separate chips in a multi-component module to suc-
cessfully overlap communication and computation. With its
high performance and programmability, ParallAX can be
utilized for other workloads with massive fine-grain paral-
lelism while enjoying the unique economy of scale afforded
by interactive entertainment.
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