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What is SoundWhat is Sound

To humans, its what we hearTo humans, its what we hear

Physically itPhysically it’’s compression waves in airs compression waves in air

For speakers, itFor speakers, it’’s a signal varying voltage s a signal varying voltage 
over timeover time

For computers itFor computers it’’s the same but digitalized s the same but digitalized 
to a certain level of precision.to a certain level of precision.



Parameters of digital soundParameters of digital sound

Sample FormatSample Format

Sampling RateSampling Rate

ChannelsChannels



Sample FormatSample Format

Precision of Integer used for voltage levelPrecision of Integer used for voltage level

Unsigned 8 bit (old)Unsigned 8 bit (old)

Signed 16 bit (common)Signed 16 bit (common)

24bit, 32 bit (ultra hi24bit, 32 bit (ultra hi--fi)fi)

24bit is the most you can currently use for 24bit is the most you can currently use for 
gamesgames

Image Courtesy of Wikipedia



Common Sampling RatesCommon Sampling Rates

8,000 Hz 8,000 Hz -- telephone, adequate for human speechtelephone, adequate for human speech
11025 Hz 11025 Hz -- old games (Quake 1)old games (Quake 1)
22050 Hz 22050 Hz –– mediummedium--games (Quake 3)games (Quake 3)
44,100 Hz44,100 Hz –– current games, audio CD, also most current games, audio CD, also most 
commonly used with MPEGcommonly used with MPEG--1 audio (VCD, SVCD, 1 audio (VCD, SVCD, 
MP3)MP3)
48,000 Hz 48,000 Hz -- miniDVminiDV, digital TV, DVD, DAT, films and , digital TV, DVD, DAT, films and 
professional audio professional audio 
96,000 or 192,000 Hz 96,000 or 192,000 Hz -- DVDDVD--Audio, some LPCM DVD Audio, some LPCM DVD 
tracks, BDtracks, BD--ROM (ROM (BluBlu--ray Disc) audio tracks, and HDray Disc) audio tracks, and HD--
DVD (HighDVD (High--Definition DVD) audio tracks Definition DVD) audio tracks 
2.8224 MHz 2.8224 MHz -- SACD, 1SACD, 1--bit sigmabit sigma--delta modulation delta modulation 
process known as Direct Stream Digital, coprocess known as Direct Stream Digital, co--developed developed 
by Sony and Philips by Sony and Philips 



ChannelsChannels

Normally, one channel per speakerNormally, one channel per speaker

Mono = 1 channelMono = 1 channel

Stereo = 2 channelsStereo = 2 channels

Surround Sound: 3 or more channelsSurround Sound: 3 or more channels



Surround SoundSurround Sound

3.0 4.0

The future holds…
…more speakers !
10.2, even 22.2 !!!

5.14.1

6.1 (DTS-ES, DD-EX) 7.1 (DDP, DTS-HD)

The good thing about standards is 
that there’s so many to choose 
from…

Images Courtesy of Wikipedia



SoundSound--SynthesisSynthesis

Storing the full soundStoring the full sound--wave used to be too big for wave used to be too big for 
computers to handle.computers to handle.
Solution: store a higher level representation (e.g. Solution: store a higher level representation (e.g. 
notenote--sheet w/ selection of instruments) and sheet w/ selection of instruments) and 
synthesize the soundsynthesize the sound--wave justwave just--inin--time.time.
Midi is still alive.Midi is still alive.
Higher level representations are nice:Higher level representations are nice:
–– They save space.They save space.
–– They allow dynamic manipulation of contents.They allow dynamic manipulation of contents.
–– They sound better over time, as synthesizers They sound better over time, as synthesizers 

improve.improve.
Synthesized music can give your game an Synthesized music can give your game an ““oldold--
schoolschool”” feel.feel.



Sound Encoding FormatsSound Encoding Formats

AIFF AIFF -- uncompressed audiouncompressed audio
WAV WAV -- normally uncompressednormally uncompressed
MP3 MP3 -- compressed format, low compressed format, low cpucpu usage, usage, 
ubiquitousubiquitous
(OGG) (OGG) VorbisVorbis -- better compressed format, better compressed format, 
lowlow--ishish cpucpu usageusage
WMA WMA -- another 2nd generation formatanother 2nd generation format

Use libraries to load these files or you will Use libraries to load these files or you will 
be sorrybe sorry



Using sounds in gamesUsing sounds in games

Consider preConsider pre--loading / caching frequently loading / caching frequently 
used sounds when you load your level used sounds when you load your level 
(probably the compressed version).(probably the compressed version).

Most modern sound libraries now allow 3D Most modern sound libraries now allow 3D 
sound sources / listeners. They take care of sound sources / listeners. They take care of 
the dirty work.the dirty work.

SDLSDL--Audio, and Audio, and OpenALOpenAL are both free and are both free and 
good!good!

FMOD EX is even better, and free for nonFMOD EX is even better, and free for non--
commercial use (otherwise $6k/game).commercial use (otherwise $6k/game).



Multimedia Input: VisionMultimedia Input: Vision

E.g. Eye ToyE.g. Eye Toy



VisionVision

Image Processing vs. Computer VisionImage Processing vs. Computer Vision

Chart courtesy Peter Scott @ SUNY Buffalo



Step 1: Image AcquisitionStep 1: Image Acquisition

For your games you need realFor your games you need real--time video.time video.

DonDon’’t acquire a resolution/framet acquire a resolution/frame--rate that rate that 
you wonyou won’’t be able to process. Low latency t be able to process. Low latency 
is better than high is better than high qualqual. w/ dropped . w/ dropped 
frames.frames.

In Linux use e.g. video4linux or libdc1394In Linux use e.g. video4linux or libdc1394

In Windows: maybe DirectShowIn Windows: maybe DirectShow

Either way, at the end you will get a Either way, at the end you will get a 
pointer to an image in memory.pointer to an image in memory.



Step 2: PreStep 2: Pre--ProcessingProcessing

Correction of basic image parameters:Correction of basic image parameters:
–– Brightness, contrast, saturation, white balanceBrightness, contrast, saturation, white balance

–– If you can, do these conversions inIf you can, do these conversions in--camera.camera.



Step 2: PreStep 2: Pre--Processing (Processing (contdcontd) ) 

Correction/calibration of coordinate frame:Correction/calibration of coordinate frame:
–– Lens unLens un--distortion / Perspective Correctiondistortion / Perspective Correction

–– You need to map cameraYou need to map camera--coordinates to real coordinates to real 
coordinates.coordinates.

–– For games, you probably want to use the For games, you probably want to use the 
plane parallel to the CCD sensor, thus basic plane parallel to the CCD sensor, thus basic 
lens unlens un--distortion should be sufficientdistortion should be sufficient

–– Otherwise, there are more sophisticated Otherwise, there are more sophisticated 
modelsmodels

E.g. TsaiE.g. Tsai’’s model for camera calibrations model for camera calibration



Example: LensExample: Lens--UndistortionUndistortion

Pictures taken from KenRockwell.com



Most Basic Lens Distortion Most Basic Lens Distortion 
FormulaFormula

None Barrel Pincushion

ru = rd + k1 rd
3 where k1 > 0 for barrel distortion and k1 < 0 for pincushion.

rd is normalized distance of pixel from center of image to corner.
e.g. in a 640x480 image the point (320,240) would have rd =0
and the points (640,480), (0,0), (0,480), (640,0) each have rd =1

If this formula is insufficient, higher order terms can be used:

ru = rd + h1 rd
3 + h2 rd

5



Color SpacesColor Spaces
RGB (Red, Green, Blue)RGB (Red, Green, Blue)
HSV (Hue, Saturation, HSV (Hue, Saturation, 
Value)Value)
YUV (Y=brightness, YUV (Y=brightness, 
U,V=U,V=chromachroma))
CIE LAB (most complete CIE LAB (most complete 
model matching human model matching human 
perception)perception)
For most tasks HSV or YUV For most tasks HSV or YUV 
should be sufficient.should be sufficient.

RGB

HSV

YUV



Color SegmentationColor Segmentation

You have your image in You have your image in 
memorymemory

You can convert it to your You can convert it to your 
favorite colorfavorite color--spacespace

Now you can label each color Now you can label each color 
in the image to a more in the image to a more 
meaningful representation.meaningful representation.

“Undefined”

“Yellow” “Dark Blue”



Connected ComponentsConnected Components

Now that each pixel has been labeled, you can Now that each pixel has been labeled, you can 
extract extract ““blobsblobs”” and get their center of masses + and get their center of masses + 
bounding boxes.bounding boxes.

Basically this is just a fast Basically this is just a fast ““floodflood--fillfill”” algorithmalgorithm

You can also filter out blobs which are too big/small You can also filter out blobs which are too big/small 
to be valid (or use other constraints).to be valid (or use other constraints).



The EyeThe Eye--Toy TrickToy Trick

Take a calibration image without any Take a calibration image without any 
human in the picture.human in the picture.

This can then be subtracted from the input This can then be subtracted from the input 
to filter out differences.to filter out differences.



General Vision AdviceGeneral Vision Advice

Avoid repetitive or redundant Avoid repetitive or redundant 
computations (e.g. colorcomputations (e.g. color--space space 
conversions)conversions)

Assume Assume MemMem is cheap, computation is is cheap, computation is 
expensive: use lookupexpensive: use lookup--tables.tables.

DonDon’’t t undistortundistort the entire imagethe entire image
–– Run your segmentation on undistorted imageRun your segmentation on undistorted image

–– Then only convert coordinates of result to Then only convert coordinates of result to 
undistorted space.undistorted space.



There is (much) moreThere is (much) more……

Color Segmentation is one kind of Color Segmentation is one kind of 
segmentationsegmentation

Comp. Vision is like a big toolComp. Vision is like a big tool--box: pick box: pick 
the algorithm which works best for your the algorithm which works best for your 
app:app:
–– EdgeEdge--Based / WatershedBased / Watershed

–– Higher Level feature extraction (e.g. SIFT)Higher Level feature extraction (e.g. SIFT)

Interested? Take a comp. vision class!Interested? Take a comp. vision class!



Multimedia Input: ControlsMultimedia Input: Controls

E.g. Nintendo E.g. Nintendo WiiWii
Controller Input might be noisy:Controller Input might be noisy:
–– Use mean over past n framesUse mean over past n frames
–– Use more complex filters which predict expected Use more complex filters which predict expected 

input, e.g. input, e.g. KalmanKalman Filter or other Bayesian Filter or other Bayesian 
MethodsMethods



Multimedia Input: SpeechMultimedia Input: Speech

E.g. Game Cube MicrophoneE.g. Game Cube Microphone
–– ““Mario PartyMario Party”” detects playerdetects player’’s wordss words

E.g. E.g. ““nownow””, , ““shootshoot””, , ““oneone”…””…”tenten””

–– ““Karaoke Revolution PartyKaraoke Revolution Party”” detects detects 
pitch and judges Karaoke abilities.pitch and judges Karaoke abilities.



Speech RecognitionSpeech Recognition

Can be hard, depending what your goal is.Can be hard, depending what your goal is.

If you only need to distinguish a few keyIf you only need to distinguish a few key--
words itwords it’’s easy. Understanding random s easy. Understanding random 
words/sentences is hard.words/sentences is hard.

Internally, most systems use Internally, most systems use HMMsHMMs
running on spectral analysis of voice running on spectral analysis of voice 
(FFT).(FFT).

For a free researchFor a free research--lib: lib: 
http://http://cmusphinx.sourceforge.net/html/cmusphinx.phpcmusphinx.sourceforge.net/html/cmusphinx.php



Speech SynthesisSpeech Synthesis

Slightly easier than recognition. However, Slightly easier than recognition. However, 
still not fully solvedstill not fully solved……

Listen to Homer DudleyListen to Homer Dudley’’s of Bell Labs s of Bell Labs ““the the 
VoderVoder”” 19391939

Listen to a modern synthesizer about 70 Listen to a modern synthesizer about 70 
years lateryears later

Would be nice in gamesWould be nice in games……
–– No need to hire voice actorsNo need to hire voice actors



A.I.A.I.

SubproblemsSubproblems::
–– Vision (image processing & Vision (image processing & understandingunderstanding))

–– Language (speech recognition & Language (speech recognition & 
understandingunderstanding))

–– Planning (knowing actions & consequences)Planning (knowing actions & consequences)

–– Learning (learning & Learning (learning & understandingunderstanding new new 
concepts)concepts)

–– Execution (acting in some domain)Execution (acting in some domain)

All of the above can be argued to be All of the above can be argued to be 
contributing factors to overall contributing factors to overall intelligence.intelligence.



A.I. A.I. ““basically solvedbasically solved””??

Some people argue computers can outthink humans.Some people argue computers can outthink humans.

True, for very specific tasks.True, for very specific tasks.

This chess game was proclaimed as a big A.I. This chess game was proclaimed as a big A.I. 
breakthroughbreakthrough……

Garry Kasparov playing Deep Blue in 1997.



A.I. A.I. ““basically solvedbasically solved””??

……but it was an easy problem anyway!but it was an easy problem anyway!
–– Yes it is a large state space, but thatYes it is a large state space, but that’’s solved s solved 

with a few tricky datawith a few tricky data--structures + search structures + search 
algosalgos..

AlsoAlso……the computer the computer ““cheatedcheated””!!
ChessChess SoccerSoccer The real The real 

worldworld

ObservationsObservations Perfect (cheated)Perfect (cheated) NoisyNoisy NoisyNoisy

ExecutionExecution Perfect (cheated)Perfect (cheated) NoisyNoisy NoisyNoisy

GoalGoal--SpaceSpace DiscreteDiscrete ContinuousContinuous ContinuousContinuous

StateState--SpaceSpace DiscreteDiscrete ContinuousContinuous ContinuousContinuous

State TransitionsState Transitions DeterministicDeterministic ProbabilisticProbabilistic ProbabilisticProbabilistic



The big goal of A.I. The big goal of A.I. 

Achieving Human IntelligenceAchieving Human Intelligence
–– Counter Arguments are vagueCounter Arguments are vague

Real humans have a Real humans have a ““soulsoul””, machines don, machines don’’tt
Real humans have Real humans have ““emotionsemotions””, machines don, machines don’’tt
Both of the above are usually refuted by Both of the above are usually refuted by ““the robotthe robot--
argumentargument””

–– All scientific evidence indicates that the human All scientific evidence indicates that the human 
mind is nothing but a working brain.mind is nothing but a working brain.

–– All scientific evidence indicates that the human All scientific evidence indicates that the human 
brain is nothing but a biobrain is nothing but a bio--chemical, parallel chemical, parallel 
computer.computer.

–– We can emulate computation, thus we should be We can emulate computation, thus we should be 
able to emulate the brain.able to emulate the brain.



So why havenSo why haven’’t wet we……
……emulated a brain yet?emulated a brain yet?
1. We don1. We don’’t fully understand it (yet).t fully understand it (yet).
–– We understand the lowWe understand the low--level (neurons, chemicals, etclevel (neurons, chemicals, etc……))
–– We understand the highWe understand the high--level (regions of brainlevel (regions of brain--activity related to certain activity related to certain 

tasks)tasks)
–– But we have no idea whatBut we have no idea what’’s happening in betweens happening in between
–– Where/how do patterns of neural activation form Where/how do patterns of neural activation form ““thinkingthinking””, , 

““consciousnessconsciousness”” etcetc……
–– We are really just stumbling aroundWe are really just stumbling around……poking Monkeypoking Monkey--neurons and neurons and 

looking at looking at MRIsMRIs..
–– ItIt’’s like reverses like reverse--engineering a processor from scratch.engineering a processor from scratch.

2. We know enough to know that it2. We know enough to know that it’’s near impossible to fully emulate s near impossible to fully emulate 
on any of todayon any of today’’s computational hardware.s computational hardware.
–– Brain uses complex chemical reactions on atomic level. Some receBrain uses complex chemical reactions on atomic level. Some recent nt 

researchers even suggest that quantumresearchers even suggest that quantum--effects might play a significant effects might play a significant 
role.role.

–– This stuff is insanely hard to emulate with even just a couple nThis stuff is insanely hard to emulate with even just a couple neurons. eurons. 
Try billionsTry billions……



So what do we know?So what do we know?
Fun Facts about the brain.Fun Facts about the brain.

Neuron Switching Time: .001 secondsNeuron Switching Time: .001 seconds

Number of Neurons: 10Number of Neurons: 101010

Connections per Neuron: 10Connections per Neuron: 1044--55

Scene recognition time: .1 secondsScene recognition time: .1 seconds

100 inference steps doesn100 inference steps doesn’’t seem like t seem like 
enoughenough

--> much parallel processing going on.> much parallel processing going on.

Brain facts courtesy Tom Mitchell’s Machine Learning Slides



Artificial Neural Networks Artificial Neural Networks 
((ANNsANNs))

An approximation to what human neurons An approximation to what human neurons 
do.do.

Similarities:Similarities:
–– Many switching unitsMany switching units

–– Many weighted interconnectionsMany weighted interconnections

–– Highly parallel, distributed (but normally Highly parallel, distributed (but normally 
computed by using a serial algorithm).computed by using a serial algorithm).



ANNsANNs

Normally, Normally, ANNsANNs have an input have an input 
layer, one or more hidden layers, layer, one or more hidden layers, 
and an output layer.and an output layer.
Connections have weights.Connections have weights.
Neurons normally sum the input Neurons normally sum the input 
and have an activation threshold and have an activation threshold 
before they before they ““firefire””..
ANNsANNs can be trained e.g. using can be trained e.g. using 
backpropagationbackpropagation..
Lots of complex theory does Lots of complex theory does 
exist.exist.

Picture Courtesy Tom Mitchell’s Machine Learning Slides



ANNsANNs: summary: summary

Strengths:Strengths:
–– Can deal with input noiseCan deal with input noise
–– We donWe don’’t need to know how to solve the problemt need to know how to solve the problem

Weaknesses:Weaknesses:
–– We need to find a good layout for encoding the We need to find a good layout for encoding the 

problem / tweak network structureproblem / tweak network structure
–– Slow to learnSlow to learn
–– Solution is unintelligibleSolution is unintelligible
–– Not very fast to execute (remember, we are Not very fast to execute (remember, we are 

simulatingsimulating parallel computation)parallel computation)



Genetic Algorithms a.k.a. Genetic Algorithms a.k.a. 
Evolutionary AlgorithmsEvolutionary Algorithms

Basically, a search technique.Basically, a search technique.

Good for e.g. parameter optimization Good for e.g. parameter optimization 
where the interaction of parameters is not where the interaction of parameters is not 
clear.clear.

E.g. training a strategyE.g. training a strategy--game A.I.game A.I.



Genetic Algorithms a.k.a. Genetic Algorithms a.k.a. 
Evolutionary AlgorithmsEvolutionary Algorithms

Sample Genetic Algorithm:Sample Genetic Algorithm:



Genetic Algorithms: SummaryGenetic Algorithms: Summary

Strengths:Strengths:
–– Can optimize any kinds of parameters even if Can optimize any kinds of parameters even if 

space forms local minima etcspace forms local minima etc……

Weaknesses:Weaknesses:
–– Evolutionary Search Process can be slowEvolutionary Search Process can be slow

–– Not guaranteed to find optimal solutionNot guaranteed to find optimal solution



Fuzzy LogicFuzzy Logic

Good Idea: Policies should not be binary Good Idea: Policies should not be binary 
functionsfunctions

Bad: itBad: it’’s a buzzword! Every field already s a buzzword! Every field already 
knew this anyway.knew this anyway.

ItIt’’s a synonym for:s a synonym for:
–– Probabilistic algorithmsProbabilistic algorithms

–– RealReal--Valued control theoryValued control theory



PlanningPlanning

Planning is a specialized kind of search.  Planning is a specialized kind of search.  

We can plan anything:We can plan anything:
–– LogisticsLogistics

–– PathsPaths

–– ActionsActions



Basic Planning AlgorithmBasic Planning Algorithm

Pickup_from_table(bPickup_from_table(b ))
PrePre: : Block(bBlock(b), ), HandemptyHandempty, , 
Clear(bClear(b), ), On(bOn(b, Table), Table)
AddAdd : : Holding(bHolding(b))
DeleteDelete : : HandemptyHandempty, , On(bOn(b, , 
Table)Table)

Putdown_on_table(bPutdown_on_table(b ))
PrePre: : Block(bBlock(b), ), Holding(bHolding(b))
AddAdd : : HandemptyHandempty, , On(bOn(b, Table), Table)
DeleteDelete : : Holding(bHolding(b))

Pickup_from_block(b, c)
Pre: Block(b), Handempty, 

Clear(b), On(b, c), Block(c)
Add : Holding(b), Clear(c)
Delete: Handempty, On(b, c)

Putdown_on_block(b, c)
Pre: Block(b), Holding(b), 

Block(c), Clear(c), b � c
Add : Handempty, On(b, c)
Delete: Holding(b), Clear(c)

Most existing planning algorithms for discrete problems accept 
the “rules” of a domain in a format similar to the following:

There are many existing planners that you can use for this problem 
(e.g. the FF planner which is released under the GPL).

Picture and Rules Courtesy of Reid Simmon’s Planning, Execution, & Learning Slides



Enhanced Path PlanningEnhanced Path Planning

So far weSo far we’’ve used gridve used grid--based planners based planners 
such as Asuch as A--Star.Star.

They work wellThey work well……so why bother with so why bother with 
something else?something else?



Enhanced Path PlanningEnhanced Path Planning

We might have domains which:We might have domains which:
–– Are very largeAre very large

–– Are not gridAre not grid--basedbased

–– Might have Might have kinematickinematic constraints (e.g. a constraints (e.g. a 
moving car)moving car)



RRapidly Exploring apidly Exploring RRandom andom 
TTreesrees

So far our pathSo far our path--finding algorithms have finding algorithms have 
been deterministic (written in stone).been deterministic (written in stone).

LetLet’’s take a probabilistic approach to paths take a probabilistic approach to path--
finding.finding.



RRT: the algorithmRRT: the algorithm

A very simple algorithm:A very simple algorithm:
do {

Flip a coin
if (Heads) {

Pick point p in graph closest to goal g
} else if (Tails) {

Pick a random point p
}
Extend graph by adding an edge from p towards g 

(only if not penetrating any objects)
} loop until graph reaches goal or until we give up.



RRT: propertiesRRT: properties

Not optimalNot optimal
–– What does this mean?What does this mean?

Probabilistically completeProbabilistically complete
–– What does this mean?What does this mean?



RRT: exploitation vs. RRT: exploitation vs. 
explorationexploration

For gridFor grid--based planner we were able to based planner we were able to 
set the tradeset the trade--off between heuristic and off between heuristic and 
explorationexploration

For For RRTsRRTs we can do the samewe can do the same
–– How?How?



RRT: the algorithmRRT: the algorithm

Dealing with frame to frame changesDealing with frame to frame changes

Generally,Generally,

1.1.check if previous path result still workscheck if previous path result still works

2.2. If not, If not, replanreplan
If yes, you can still If yes, you can still replanreplan and see if you and see if you 
find an even shorter path (remember, RRT find an even shorter path (remember, RRT 
is nonis non--optimal)optimal)



eRRTeRRT: avoiding : avoiding ““flickeringflickering””

Due to probabilistic nature, you might Due to probabilistic nature, you might 
obtain obtain ““flickeringflickering”” between runs.between runs.

Solution: bias your new plan towards Solution: bias your new plan towards 
previous planning results.previous planning results.



eRRTeRRT: the algorithm: the algorithm

Still, a very simple algorithm:Still, a very simple algorithm:
do {

Flip a 3-sided coin �
if (Heads) 

Pick point p in graph closest to goal g
} else if (Tails) {

Pick a random point p
} else if (ThirdSide) {

Pick a point p randomly from the final path we 
found in the previous frame.

}
Extend graph by adding an edge from p towards g 

(only if not penetrating any objects)
} loop until graph reaches goal or until we give up



Path SmoothingPath Smoothing

If you donIf you don’’t have to deal with t have to deal with kinematickinematic
constraints, this is simple.constraints, this is simple.

Start at the goal, then go backwards. E.g.:Start at the goal, then go backwards. E.g.:
keep going backwards until we can no longer draw a 
straight line (this runs in O(n) ).
result={};
result.push_front(v[N]);
u=v[N] //start with the goal node
for (i=N-1;i>=0;i--) {

if (collision(u,v[i])==true) {
result.push_front(v[i+1]);
u=v[i+1];

}
}
result.push_front(v[0]);



Robots and GamesRobots and Games

If you know games then you know robots.If you know games then you know robots.

The only difference isThe only difference is……what?what?



Building Big Building Big A.I.sA.I.s

can be viewed as a ladder of layerscan be viewed as a ladder of layers
–– upper layers are slower, smarter, more upper layers are slower, smarter, more 

abstractabstract

–– sensors go up, become more abstractsensors go up, become more abstract

–– actions go down, become more concreteactions go down, become more concrete

–– can incorporate multiple agentscan incorporate multiple agents

–– lower layers separate for each agentlower layers separate for each agent

–– at some height layers merge to form a team at some height layers merge to form a team 
managermanager



Example:Example:
RoboCupRoboCup Small Size LeagueSmall Size League
http://http://www.cs.cmu.edu/~robosoccer/smallwww.cs.cmu.edu/~robosoccer/small//


