
This talk is based primarily on a SimBuild2010 paper, which can be accessed here:

http://www.autodeskresearch.com/publications/personas

¢ƘŜ ǘƻǇƛŎ ƛǎ Ƙƻǿ ǘƻ ǎƛƳǳƭŀǘŜ ŀ ōǳƛƭŘƛƴƎΩǎ ƻŎŎǳǇŀƴǘǎ ǳǎƛƴƎ ŀ ƘȅōǊƛŘ ŀǇǇǊƻŀŎƘ ƛƴǾƻƭǾƛƴƎ 
both user-supplied parameters and historical data.
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This somewhat over-simplistic classification scheme emphasizes the trade-off 
between the realism of simulated occupant behavior, and how easily it can be 
customized to suit a particular project.
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Simple models involving a few user-supplied parameters tend to be easy to 
customize, but not very realistic.  More complex models can be more realistic, but the 
greater number of parameters makes them harder to customize.
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For example, this simple model is easy to customize because it requires only two 
parameters.  The resulting behavior, however, is not very realistic.
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Here we add two more parameters, which makes the model slightly more realistic.
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Two more parameters have been added.

As an aside, note that the methods we present in this talk model the behavior of 
individual occupants.  To produce profiles of expected daily behavior, the schedules of 
many occupants could be generated by a simulation then aggregated.
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IŜǊŜ ǿŜΩǊŜ ŀŘŘƛƴƎ ǊŀƴŘƻƳƴŜǎǎ ǘƻ ǘƘŜ ǎǘŀǊǘ ŀƴŘ ŜƴŘ ǘƛƳŜǎ ƻŦ ŀŎǘƛǾƛǘƛŜǎΣ ǿƘƛŎƘ ƳŀƪŜǎ 
the model considerably more realistic but doubles the number of parameters.
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bƻǿ ǿŜΩǾŜ ŀŘŘŜŘ ŀ ǎŜŎƻƴŘ ǘȅǇŜ ƻŦ ƻŎŎǳǇŀƴǘ ǘƻ ǘƘŜ ƳƻŘŜƭΣ ǿƘƛŎƘ ƛƴŎǊŜŀǎŜǎ ŘƛǾŜǊǎƛǘȅ 
but doubles the number of parameters.
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To summarize the last few slides, a model informed by user-supplied parameters will 
generally become more realistic but harder to customize as more parameters are 
added.
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Occupant models that use machine learning tend to avoid user-supplied parameters.  
Instead, they detect behavioral patterns in historical data, and automatically 
reproduce them in a simulation.
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Here is an example of an occupant behavior simulation technique based on machine 
learning.  We start with historical schedules that show the recorded activities that 
were actually performed by real occupants.

In practice, each historical schedule would be considerably more complex than those 
shown here.  Also, we would ideally have hundreds or thousands of schedules instead 
of four.
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The first step is to train the model.
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For the first historical schedule, a value of 1 is added for each transition between the 
task performed at one time step and the task performed at the next time step.
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The same is done for the second schedule, adding 1 to various transitions.
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!ƴŘ ŀƎŀƛƴ ŦƻǊ ǘƘŜ ƴŜȄǘ ǎŎƘŜŘǳƭŜΧ
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Χǳƴǘƛƭ ŀƭƭ ǎŎƘŜŘǳƭŜǎ ƘŀǾŜ ŎƻƴǘǊƛōǳǘŜŘ ŀ ǾŀƭǳŜ ƻŦ м ǘƻ ŀ ǎŜǘ ƻŦ ǘǊŀƴǎƛǘƛƻƴǎΦ
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We no longer need the historical schedules themselves, as we can run the simulation 
with this array of relative transition frequencies.
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For each simulated occupant, we can randomly generate a schedule using 
probabilities derived from the array of transitions.

18



Each time we generate a schedule we end up selecting different transitions at 
ŘƛŦŦŜǊŜƴǘ ǘƛƳŜǎΧ
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