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Project Outline
Define metrics to compare the coverage, quality and efficiency of 
steering algorithms

Perform initial experiments on algorithm parameters independently 
to study parameter effects on metrics

Create a framework that can automatically perform a multivariate 
parameter dependent analysis to search for optimal steering 
algorithm parameter settings

Metrics
Coverage: 
The success succ(A) of a steering algorithm A is computed as the 
ratio between the number of scenarios in a scenario set that a 
steering algorithm can successfully solve (reference agent reaches 
its goal within a time limit without any collisions).
 
Quality: 
The quality with respect to distance qual(A) of a steering algorithm 
A is calculated with respect to the reference agent. The value is 
normalized based on the static optimal path for the reference agent 
to reach its target in the given scenario. 

Efficiency: 
A metric that quantifies the computational efficiency eff(A) of an 
algorithm A. Unlike the previous metrics, it is not straightforward to 
provide an ideal upper bound for eff(A).

To provide a basis for normalization, we assume that 10% of all 
computational resources are allocated to the steering algorithm. 

For every scenario, the maximum time        allocated to every 
steering agent per frame is                     seconds, where N is the 
number of agents in the scenario. 

        is the average time spent computing a steering decision per 
frame for all agents.

             is the aggregate value of               over a set of scenarios S.

Define a weighted objective function:

where                    are normalized weights which determine the 
influence of coverage, quality, and performance on the objective 
respectively.
 
Finding the optimal steering algorithm parameters that maximize 
the objective is formulated as the following optimization problem: 

where     is the vector of parameters for algorithm A.

Optimization Formulation

Steering Algorithms

PPR: 
A hybrid framework that combines reaction, 
prediction and planning. It is an example of a 
rule based system for agent based steering 
and has 39 independent parameters.  

Example Parameter: 
avoidance-turn-rate defines the turning rate adjustment 
speed in proportion to speed. 
query-radius controls the radial distance around an 
agent used to predict collisions with other objects and 
agents.

RVO2:
Uses optimal reciprocal collision avoidance to 
efficiently steer agents in large-scale crowds. 

Example Parameter: 
max-neighbors defines the maximum number of nearby 
agents taken into consideration when making steering 
choices.
time-horizon refers to the time for which an agent's 
computed velocity is safe with respect to other agents.

Figure 1: The left 4 graphs illustrate the behaviours of selected 
parameters. The above graph shows the results of evaluating the cross 
product of two parameters.

Multi-Variate Analysis
To maximize the performance of a steering algorithm in the 
space of its parameters, we need to solve a multi-variate 
optimization problem.

We chose to use the Covariance Matrix Adaptation 
Evolution Strategy technique.

As expected, the multi-variate approach produces better 
results than the uni-variate for both algorithms over every 
metric. 

Findings and Analysis

Conclusion

The framework is most effective on the  
PPR algorithm, increasing Coverage by 
28% and Quality by 21%, and Efficiency is 
almost tripled. 

The RVO2 algorithm shows small changes 
in Coverage and Quality. The most 
significant change is in Efficiency, which is 
doubled while only sacrificing 1% of RVO2's 
coverage metric.

Our experiments show that parameter settings can have a 
significant effect on the performance of a steering 
algorithm. The experiments also reveal that specific 
parameters have a direct effect on specific metrics. 

In some cases, adjusting thresholds allows algorithms to 
handle more difficult scenarios. In other cases, allocating 
more resources for the algorithms produces higher quality 
results at the expense of efficiency.
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Thus far this framework is effective at evaluating an algorithm's 
sensitivity to parameter alterations.

Using this framework we can identify poorly chosen values for 
parameters and optimize parameter settings according to 
combinations of metrics. 

For most applications, the framework can be adapted to evaluate 
and optimize parameter settings for different metrics, test sets and 
objectives.

Left: Default settings  

Right: Settings optimized 
for qual(A)

Left: Default settings

Right: Settings optimized 
for succ(A)

The above tables indicate the parameter (v) settings for both algorithms for 
differently weighted optimizations.

Results

Uni-Variate Analysis

eff (A)

PPR Parameter Settings

RVO2 Parameter Settings

The table above compares the default (DEF), uni-variate 
(UNI) and multi-variate (MUL) values for optimizing the 
PPR and RVO2 algorithms.V
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