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ABSTRACT

Two of the primary factors in the development of
networked multiplayer computer games are network
latency and network bandwidth. Reducing the effects of
network latency helps maintain game-state fidelity,
while reducing network bandwidth usage increases the
scalability of the game to support more players. The
current technique to address these issues is to have each
player locally simulate remote objects (e.g. other
players). This is known as dead reckoning. Provided the
local simulations are accurate to within a given
tolerance, dead reckoning reduces the amount of
information required to be transmitted between players.
This paper presents an extension to the recently
proposed Hybrid Strategy Model (HSM) technique,
known as the Dynamic Hybrid Strategy Model
(DHSM). By dynamically switching between models of
user behaviour, the DHSM attempts to improve the
prediction capability of the local simulations, allowing
them to stay within a given tolerance for a longer
amount of time. This can lead to further reductions in
the amount of information required to be transmitted.
Presented results for the case of a simple first-person
shooter (FPS) game demonstrate the validity of the
DHSM approach over dead reckoning, leading to a
reduction in the number of state update packets sent and
indicating significant potential for network traffic
reduction in various multiplayer games/simulations.

INTRODUCTION

Networked multiplayer computer games are one of the
most important areas of an already burgeoning
computer games industry. In a formal domain such
applications belong to a class more commonly known as
Distributed Interactive Applications (DIAs). These
systems typically involve many users simultaneously
interacting in a simulated virtual environment. Game
designers are constantly seeking to scale such
applications to more and more simultaneous users
whilst still maintaining a high quality of interactivity
and responsiveness. However, a number of technical
problems combine to make delivery of such an
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experience difficult (Singhal and Zyda 1999; McCoy et
al. 2003). One such problem is latency, which is the
time it takes for information to propagate across the
network to all participants. Another closely related issue
is the problem of network bandwidth. Within a DIA we
refer to these problems as the information updating
issue. Several methods have been devised to reduce the
quantity of data that needs to be transmitted between
participants. The standard for Distributed Interactive
Simulation (DIS) defines one such method known as
dead reckoning (IEEE 1995), a form of client predictive
contract mechanism.

Recently, an alternative technique known as the Hybrid
Strategy Model (HSM) has been introduced, which
offers an improvement over the performance of dead
reckoning (Delaney et al. 2003; Delaney 2004). It is a
hybrid predictive contract technique, which dynamically
switches between a short-term dead reckoning model
and a longer-term user behavioural model, allowing
quasi-deterministic modelling of an entity’s dynamics.
This can reduce the number of communicated update
packets required for remote modelling of entities when
compared to the use of a pure dead reckoning model
alone.

This paper demonstrates how to apply the HSM
technique when behavioural models must be
recalculated during run-time as users pursue a dynamic
goal. The original exposition of the HSM method was
only ever demonstrated with fixed navigational goals. In
section two of this paper we describe predictive contract
mechanisms as used for information updating in DIAs.
Existing solutions to this issue, including dead
reckoning, are outlined. In particular the HSM
technique is summarized. Section three describes our
extension of this proposed hybrid switching technique,
referred to as a Dynamic Hybrid Strategy Model
(DHSM), and its implementation is discussed in section
four. Several test environments were developed to
compare this new technique with existing dead
reckoning techniques. These environments are described
in section five. Example simulation results are presented
in section six for both the DHSM and dead reckoning
techniques. Finally, the paper ends with the conclusions
and suggestions for future research.



PREDICTIVE CONTRACT MECHANISMS

The most common solution to the information updating
issue within DIAs involves a client-side predictive
contract mechanism called dead reckoning (IEEE 1995).
All participating clients agree to maintain the same low-
order local models of the dynamics of all other
participating entities. This is the contract. Each
participant also maintains a model of its own entity
dynamics, which it continuously compares to its actual
dynamics. When these differ by a pre-defined error-
threshold amount, update information is broadcast to all
other participants, who then proceed to update their
models for that entity based on this newly received state
information. Convergence algorithms are typically
incorporated to allow a natural transition to occur
between the modelled and actual motion when update
data arrives.

Alternative methods have also been explored, and these
include relevance/area-of-interest filtering and multicast
groups (Rak and van Hook 1996), packet bundling
(Liang et al. 1999), data compression (Van Hook et al.
1994), time management, priority scheduling and
visibility culling (Faisstnauer et al. 2000). A
comprehensive  overview of such consistency
maintenance measures can be found in (Delaney 2004).
In addition, various enhancements have also been
proposed for use with the standard dead reckoning
algorithm, including adaptive error-thresholds (Lee et
al. 1999; Shim and Kim 2001), multi-step dynamic
curve fitting (Singhal and Cheriton 1994) and pre-
determination of likely error-threshold deviations
(Zhang et al. 2004).

The Hybrid Strategy Model

The Hybrid Strategy Model (HSM) as proposed in
(Delaney et al. 2003) is a predictive model of the
following form:

M=px+(1-p)T
where Xis any conventional dead reckoning model,
I'is a long-term model of entity behaviour and p is a
binary weighting factor governed by:

p=1, f0r||E—F||249
=0, otherwise

where @ represents a distance measure threshold

between the actual behaviour FE and the long-term
model.

The model given by M is used by participating clients
in a DIA. The parameters and initial entity state used by
the model are updated every time the state deviates from

the true state by a predefined threshold amount 7’

m*

It has been shown that this approach leads to a reduction
in the number of packets that need to be transmitted in a
DIA for a given consistency. However up to now this
approach has only ever been applied to DIAs where the
long-term models are fixed navigational behaviours in
which an entity is traversing an environment. To apply
the HSM when a user’s behaviour is reacting to a
changing goal (originally defined as a dynamic goal in
Delaney’s original paper) is non-trivial. In such cases,
suitable models of user behaviour are required which
are clearly complex functions of, among other things,
the environment, user experience and intention, and user
ability. Nonetheless, for a restricted application such as
an FPS many of these dependencies can be modelled
adequately for HSM purposes in certain situations. In
the following two sections, our approach to applying the
HSM technique to dynamic goals in a realistic FPS is
demonstrated.

THE DYNAMIC HYBRID STRATEGY MODEL

A Dynamic Hybrid Strategy Model (DHSM) consists of
a set of I candidate prediction models given by:

Mccmdidaze = {ml e 4 mi}
In addition, a default model is chosen to provide initial
prediction for the DHSM (typically a short-term dead
reckoning model would be chosen as default, though
this is not a necessity):

minitial = mdefault 4 { mdqfault € Mcandidate }

During each simulation step, the DHSM has a currently
selected active model (beginning with the initial model)
that is used to perform actual prediction and entity-state-
update (ESU) packet generation for a user. However,
the DHSM also runs prediction for each candidate
model in parallel with the active model and records each
associated prediction error for every simulation step:

For m eM

current candidate

- Predict P (m

current )

current )

- Compute Error E (m
Endfor

When the current prediction error for the active model
exceeds the allowable error-threshold, an ESU packet is
required to be generated and transmitted. At this point,
the average prediction error (APE) since the last
transmitted ESU packet is computed for each candidate
prediction model. This assigns a score to each model
based on overall performance between consecutive ESU
packet transmissions. The model that exhibits the best
score (i.e. lowest APE) is then chosen to be the current
best model.

it E(m,,,)> ErrorThreshold
For m eM

current candidate




- Compute avg. error APE (m., )
Endfor
mbest = Argmln (APE (mcurrem‘ )’ v mcurrent )
If mactive * mhest
- mactive = mbest
Endif
Endif

The currently selected active model is switched over to
the determined best model if necessary (i.e. if we are not
already using the best model), and an ESU packet is
generated and transmitted. Appended onto the end of
the packet is an identifier number indicating which
candidate model is now in use. When remote clients
receive this ESU packet, they can use this ID to switch
their own local models of prediction in accordance with
the new active model. This process is repeated every
time the allowable error-threshold is exceeded, resulting
in dynamic switching between prediction models based
on their current performance in relation to one another.

DHSM IMPLEMENTATION

The DHSM implementation presented in this paper
utilizes a candidate set of just two prediction models:
dead reckoning and shortest-path.

Dead-Reckoning (DR)

This is the standard first-order, one-step short-term
dead-reckoning prediction algorithm as originally
detailed in the Standard for Distributed Interactive
Simulations (DIS) (IEEE 1995). It is given by the
following equation of motion:

P=P +V,At
where P, and V|, refer to initial position and velocity

respectively and At is the time increment for the
current prediction step.

Shortest-Path (SP)

This is a simple dynamic first-order, one-step
behavioural model that assumes a user will move along
the shortest-path from the current position to the target
position (i.e. their dynamic goal) with constant speed. It
is given by the following equation of motion:

V, || At
P=P+(T-P) Ifar
|7 =R

where P, and V|, refer to initial position and velocity
respectively, At is the time increment for the current

prediction step and T refers to the current target
(dynamic goal) position.

The design of this shortest-path model was driven by
previous work that we have done in analysing the
behaviour of users within various DIAs (and in
particular networked multiplayer computer games)
(McCoy et al. 2004a; McCoy et al. 2004b). It is
grounded in the notion that within these networked
games, users often exhibit tendencies to move directly
closer to their target of interest when attempting to
engage, thereby maximising their probability of
disabling an opponent. During these time periods,
correlation can often be observed between both sets of
data, indicating a tight coupling of behaviour for both
players. It is this coupling of data that we are exploiting
with the shortest-path model in order to define a user’s
behaviour in terms of their dynamic goal. This allows us
to reduce the transmission of state data required to
accurately predict the user using a remote model.

For the implementation of the DHSM, we have also
included an ancillary line-of-sight score function used to
weight the selection of the shortest-path model over the
dead reckoning model. It states that unless there is a
direct line-of-sight between a user and their dynamic
goal, the DHSM will not switch from using the DR
model to the SP model, even if the SP model would
have provided a better average prediction error since the
last received ESU packet. The motivation behind this is
the assumption that if a user cannot see the dynamic
goal, the probability of rapidly changing behaviour
occurring is far greater, thus decreasing the chance that
the SP model will provide any benefit for short-term
prediction over that provided by the standard DR model.

DATA COLLECTION

We utilize the Torque Game Engine for performing
experiments and data collection (Marshall et al. 2004).
During a user’s interaction within a test environment,
data is sampled at a rate of 20Hz and consists of
position, velocity, and forward facing direction vectors
for each player (human or AI controlled). Discrete
events are recorded for the cases of a player being
disabled, firing their weapon or (in the case of a human
user) interacting directly with the control device (i.e.
mouse and/or keyboard). For each game tick, a trace can
be performed to determine if there is an unobstructed
line-of-sight (LOS) between any two players. This trace
information is combined with the forward facing
direction vectors in a post-processing step to determine
onscreen LOS status for each sampling time.

Figure 1 shows plan (top-down) views of the three
environments used for the experiments. In each case, a
single test subject was asked to play against a single
non-reactive computer-controlled opponent (BOT). The
goal here was to disable the BOT a desired number of
times as fast as possible. Each environment consisted of
a unique path network that was used by the BOT for
constant circumnavigation. The motivation behind this
particular set of test scenarios was to ensure that the
user’s dynamic goal (in this case the BOT) was known



in advance, thus negating any possible requirement for
performing some kind of target identification procedure
(as would be the case if there were multiple independent
dynamic goals for a user to choose from).

Figure 1: Test environment plan views showing path
networks

RESULTS AND ANALYSIS

Presented below in Tables 1-3 are simulation results for
packet number, average prediction error and standard
deviation error respectively for a collection of three
datasets using a variety of increasing error-thresholds
(to put the error-thresholds into perspective, the height
of a player within our test environments is
approximately 2.3 units). Each dataset was recorded
using a different test subject and test environment (the
particular environment is noted directly above the
results in the tables). The term ‘DR’ refers to the
standard first-order, one-step dead reckoning prediction
model and is used as the base comparison with which to
compare results. The term ‘DHSM’ refers to the
Dynamic Hybrid Strategy Model using both the
standard first-order, one-step dead reckoning prediction
model and the first-order, one-step shortest-path
prediction model (as outlined previously). The term ‘%
Red’ refers to the percentage reduction (or increase) in
the associated variable (number of packets sent, average
prediction error or standard deviation error). A negative
value indicates better performance with respect to the
Dynamic Hybrid Strategy Model in direct comparison
with the standard dead reckoning model. A heartbeat
timeout of 5 seconds was set for both the DR and
DHSM models (meaning if the error-threshold has not
been exceeded for 5 seconds or more, an ESU packet is
automatically generated). This reflects a typical timeout
value that might be used within a DIA system (Singhal
et al. 1999). Finally, ideal network conditions were
assumed (i.e. no network latency or packet loss).

From inspection of the results, it is noted that in almost
every case, the DHSM offers a reduction in the number
of packets sent that ranges from small bandwidth
savings (in the region of 1% or lower packet reduction)
to very large bandwidth savings (in the region of 20%
and sometimes higher packet reduction). It is important
to note here that a quantitative comparison of inter-
dataset results is not productive, as each test conducted
is independent of any other. Despite this fact however,
comparatively speaking it would appear that the
percentage savings are partly dependent on the
particular test subject and test environment, and

Table 1: Packet number results for several datasets

Number of Update Packets Sent (PacketNum)

Thresholdnatasm 1 (Environment 1)Dataset 2 (Environment 2)Dataset 3 (Environment 3)
DR DHSM %Red| DR DHSM %Red| DR DHSM % Red
06 1071 1087 1.49 615 624 0.7 473 494 3.35
1 724 720 0.55 419 412 -1.67 340 325 -4.41
15 falae] 549 -2.83 336 33 -3.67 268 241 | 1007
2 485 467 371 274 264 -3.65 237 210 | -11.39
25 442 420 -4.98 256 244 -4.63 208 181 | -1293
3 3 375 -4.09 228 216 -5.26 184 154 | -16.30
36 364 349 -4.12 214 203 514 172 143 | -16.86
4 37 315 367 185 178 -3.78 165 133 | 1539
456 3 298 -4.18 173 167 347 160 126 | 2125
a 284 272 -4.23 170 161 -6.29 149 124 | -16.78
o] 265 256 -3.40 146 150 -3.06 143 110 | -23.08
5} 249 244 20 150 143 -4.67 136 107 | -21.32
6.5 239 232 -2.93 146 139 -4.79 131 105 | -19.85
7 233 223 -4.29 138 130 -6.80 127 101 | -20.47
75 220 214 273 129 120 -6.98 120 7 -18.17
8 211 21 1} 124 115 -7.26 114 94 -17.54
a5 207 200 -3.38 121 115 -4.96 109 93 -14.68
9 201 197 -1.99 123 13 813 108 92 -14.81
96 154 191 -1.85 118 110 -4.30 108 9z -14.81
10 02 192 -4.95 1 104 6.3 107 90 -15.69

Table 2: Average prediction error results for several
datasets

Average Pred Error per Simulation Step (E)
Thresholdnmasm 1 (Environment 1)Dataset 2 (Environment 2)Dataset 3 (Environment 3)
DR DHSM % Red DR DHSM % Red DR DHSM % Red
0.a 0.2535 [ 0.2568 | 1.30 | 02751 [ 0.2786 | 1.27 | 0.254 | 0.2657 | 4.61
1 0.4111 [ 04296 | 353 | 0.4509 [ 04595 | 1.91 | 03935 | 04151 | 541
15 0.5755 [ 0.59947 | 334 | 06140 | 0.6288 | 2.28 0.54 | 05791 [ 6.50
2 0.7449 | 0.7586 | 1.84 | 0.7809 | 0.7867 | 0.74 | 06056 | 0.6817 | -0.57
25 09104 [ 09283 | 1.97 | 09842 (09921 | 0.80 | 08251 | 0.8895 | 7.61
3 1.0529 | 1.0597 | 0BS5S | 115995 | 11723 | 1.10 | 0.9804 | 1.0412 | 6.20
35 12112 | 1.2192 | OBE | 1341913792 | 278 | 11159 | 1.1702 | 4.87
4 1354 | 13671 | 023 | 14808 | 15128 | 216 | 13394 | 1.3686 | 2.18
45 15533 | 1.5738 | 132 | 16675 | 1.6836 | 057 | 15256 | 1.4827 | 281
o 176816 | 1.7489 | -1.84 | 1.8471 | 1.7998 | -2.56 | 1.70868 | 1.4778 | -13.57
5.8 19759 | 1.9094 | 3357 | 2045 | 2.0221 | -1.12 | 1.6811 | 1.6177 | -10.67
B 2119 | 21186 | 002 | 21262 | 21933 | 316 | 19017 | 1.7369 | -5.67
6.5 23202 | 2.2692 | 220 | 23913 | 23934 | 051 | 20685 | 1.9731 | -461
7 24628 [ 24195 | -1.76 | 26539 | 2.6244 | -1.11 | 2.3996 | 2.0513 | -14.51
A 274 | 25452 | 71 | 27276 | 27212 | 023 | 2468 | 22653 | -5.21
g 2.8036 | 2,676 | -455 | 29541 | 2.979 | 050 | 2.6943 | 2.2987 | -1468
a5 2.9346 | 2.8045 | -4.43 307 |3.0749 | 016 | 27637 | 2.3358 | -15.45
9 31314 [ 30776 | 172 | 33125 3.2983 | -0.43 | 28355 | 2.3022 | 1881
9.5 32789 [ 34337 | 443 | 34653 | 3.5024 | 088 | 29132 | 24025 | -17 53
10 3.497 | 33846 | 521 | 36011 | 3.6299 | 0.80 | 3.0654 | 24462 | -20.20

Table 3: Standard deviation error results for several
datasets

Standard Deviation Error per Simulation Step (D)
Thresholdnmasm 1 (Environment 1)Dataset 2 (Environment 2)Dataset 3 (Environment 3)

DR DHSM % Red DR DHSM % Red DR DHSM % Red
0.a 0.1392 | 0.1887 | 026 | 0.1861 | 01849 | 064 | 01628 | 01822 | -0.33
1 0.3402 [ 03392 | 029 | 03431 (03373 | -1.69 | 03289 | 03211 | -257
15 0.4929 [ 04946 | 0.34 | 05004 [ 04913 | -1.682 | 04609 | 0.459 | -4.55
2 0.6534 | 0.6462 | -1.10 | 0.6469 | 0.6352 | -1.61 | 06383 | 0.6017 | -5.73
25 0.8106 [ 0.7975 | -1.62 | 0.8129 [ 0.7998 | -1.61 | 07939 | 07734 | -2.53
3 0.9625 [ 0.9387 | -2.47 | 0.95565 [ 0.9369 | -1.05 | 0.9371 | 0.8948 | -4.51
35 11214 | 1.4073 | 126 | 11245 | 11062 | -1.63 | 1.0779 | 1.0151 | -5.83
4 12799 | 1.2559 | 183 | 1.2485 | 1.2537 | 042 | 12713 | 1.1864 | -553
45 1.4389 | 1.4297 | 0F4 | 1.4292 | 14322 | 021 | 14345 | 1.3156 | 829
o 16646 | 15434 | 260 | 1.5534 | 1.5586 | -1.57 | 1.5652 | 1.4029 | -11.72
5.8 17745 | 17205 | 304 | 1.7257 | 1.6928 | -1.91 | 1.7644 | 1.5378 | -12.54
B 1.894 | 1.88 074 | 1.8695 | 1.8588 | -0.59 | 1.9044 | 1.6508 | -13.532
6.5 2.0589 | 1985 | -3.59 | 20575 | 2.0248 | -1.59 | 2.0685 | 1.8111 | -12.44
7 21962 [ 21392 | 260 | 22371 | 2.2154 | -0.97 | 21523 | 1.9146 | -11.04
A 23505 [ 2.2902 | 204 | 23027 | 2.282 | -0.00 | 2.3568 | 2.0622 | -12.50
g 25071 [ 24264 | 322 | 24868 | 24522 | -1.39 | 24912 | 24919 | 1201
a5 26202 | 2.5558 | 246 | 26211 | 26912 | -1.14 | 2511 [ 2.3198 | -11.15
9 27764 | 2.7084 | 245 | 27885 |2.7221 | 239 | 27297 | 2.3558 | -13.70
9.5 2.8996 | 2.8537 | 188 | 29252 | 2.B624 | 215 | 2.6617 | 2.4948 | 1252
10 3.0724 [ 3.0982 | -0.46 | 3.0597 | 3.016 | -0.758 | 3.0601 | 2.6697 | -1276

definitely dependent in this case on the particular
dynamic prediction model being used (i.e. shortest-
path). A more advanced and accurate prediction model
would almost certainly yield even better results,
particularly if it were tailored for a specific user’s
behavioural traits and habits. It is also worth noting that
the reduction in number of packets sent does not appear
to be linearly dependent on the error-threshold (i.e.



increasing the error-threshold does not guarantee a
higher reduction in number of packets sent over the
corresponding standard dead reckoning prediction
model).
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Further inspection of the results highlights the fact that
the reduction in packet numbers (and hence bandwidth
savings) for the DHSM often comes at the cost of
slightly reduced prediction accuracy for tight error-
thresholds (< 4). Conversely, at higher error-thresholds
(= 5) the DHSM often provides improved prediction
accuracy. In addition, the DHSM also offers a smaller
standard deviation for the prediction error over its DR

counterpart in practically every case, implying a slightly
more stable predictive capability. This is further
evidenced in Figures 2-4 that present the rate of change
of generated packets as a function of the increasing
error-threshold for each dataset. Inspection of these
plots reveals no erroneous packet generation behaviour
for the DHSM when compared with the DR mechanism.
On the contrary, they provide a close match for all three
datasets.

CONCLUSIONS

In this paper, we have described a novel extension to the
concept of the Hybrid Strategy Model (HSM) called the
Dynamic Hybrid Strategy Model (DHSM). Like the
HSM, the DHSM attempts to reduce the amount of
entity-state-update (ESU) packets required to maintain
consistency within a Distributed Interactive Application
(DIA) such as a networked multiplayer computer game.
Unlike the HSM, which uses fixed long-term goals, the
DHSM takes account of a user’s behaviour towards a
dynamic goal and attempts to exploit the shared
information contained within this relationship. By
switching between various candidate prediction models
at appropriate times, the DHSM provides improved
remote prediction for clients participating within the
DIA.

We have provided simulation results for several
different test subjects and test environments that verify
the validity of our approach, showing a reduction in the
number of ESU packets sent (bandwidth usage) in
favour of the DHSM technique over pure dead
reckoning in the majority of our specific test situations.
In addition, improved average prediction error for
higher error-thresholds and improved standard deviation
error make this a promising technique for possible use
within a prediction scheme incorporating some kind of
adaptive error-threshold selection (Lee et al. 1999; Shim
and Kim 2001). Despite the promising results however,
a better understanding of the relationship between
packet reductions, user experience and test environment
topology is required, and to this end additional tests will
need to be conducted utilizing more complex, real-
world scenarios. These include such things as realistic
network conditions, reactive computer-controlled
opponents and human vs. human experiments.

Future work will involve the investigation of advanced
user-modelling techniques to provide a better pool of
candidate prediction models that work under more
general and complex situations, where the likes of
simple shortest-path type prediction will not provide
enough prediction accuracy. Possible avenues of
approach here include the use of neural networks
(Thurau et al. 2003) and probabilistic independence
networks (Smyth et al. 1996) to model the relationships
between users and dynamic goals. In addition,
extensions to the switching criteria and score functions
used by the DHSM will also be investigated with the
aim of ensuring optimal model switching.
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