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Project: Objective: Develop Prmmpled Algorlthmlc DeC|5|on 0ur Approach Pa rtlaIIy Decentrallzed Decision Process
 We focus on three problems (a) designing an accurate incident prediction model; (b) design approach for rebalancing
. There are PrOCEd ures for Emergency RespOnSE the responders pre-incident and (c) designing an emergency response system that is equipped to deal with scenarios

that require decentralized planning with very limited communication.

limited Motor Vehicle Incidents over five years In the Tennessee region * The planning process should occur before incidents. It
emergency is difficult to justify sending anyone but the closest oot Action * Our approach is based on Multi-Agent Monte-Carlo
responder responder at the time of an incident’s occurrence. ';;g* 'gj:cdh'::ttli:z:: Tree Search.
resources. * Optimizing over responder distribution and response as a
* How to assign exploring all possible system states, each agent

multi-objective optimization problem is typically
computationally infeasible.
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resources to builds an individual tree focusing on the subset of

incidents ¥ '« Example: let the number of responders r=20, and the | | | o iii iii iii " how dsep to explore actions relevant to them —i.e. their rebalancing
while reducing average number of possible depot locations be d=30. Possible : : branching? action
5 . . . . Filter e Af itch .
response time actions for dispatching is the number of responders -> 20 | “‘ “5 33\‘ detteerr;Vin'fi;ict‘;mde * Reduces the number of states from P(d,r) to just
 Decision must be made * Possible actions for rebalancing is P(d, r) = 30!/10! = (use heuristic action) the number of depots d for each agent.
quickly. 7.31x10%. Reward function: The primary metric to consider is the response time for each incident [rs_l—atsu;;), Ly, Fresponding (0 an incident
Secondly, the movement of responders needs to be controlled o1 m @ty gy fbalancingats
Online Incident Prediction Preemptive Rate Based Rebalancing Results
Identifier Description Hyper-Parameter Choices ® Data: NaShVi”e’ TN inCident
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* Features: Weather, time, previous incidents,  We use a multi-class queue model to enable the responders to anticipate = e B R oo RoT o7 TR data
neighboring incidents e o e o the action of other responders. 04 Gueue Based Rebalancing Polioy wih RaloF £ | RoT = * Training for predictive
. e . 330 FItS ata etter t an . . . Q-5 Queue Based Rebalancing Policy with Rol of 5 | Rol = 5 .
* Needs to react to dynamic incident . batch updates * Multiple cells serviced by each depot and vice versa | MICTS g an ol o R 0SS |, 175 e . model: 1-1-2018 to 1-1-
occurrence * Must split request rate for cells between depots MRz | MMCTS-using an oracle for fature incdents | 5, o vviCTS Baseine M- 2019
* Streaming survival analysis: * Since depots closer to a cell are more likely to service it, rates are split o Founiton fo the paramete search, | NCTS teration Limit =250 * Testing: 1-1-2019 to 2-1-
50 I I I II . . . M-1 Each parameter varies independently while RZ:)V; degista(r)lt:lr:(;;fe;gilzto llpm=m1 0 2 O 1 9
B o O such that they are inversely proportional to the distance other parumters setan these values. | g U Rl
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p—l_l p p / - Reasonable Update . . time to travel from depot d to the grid in question g . Lookahead Horizon of 30 minutes Rebalance Period = 30min ROI are Considered When
ﬁ = 5 + OKVL( 6 : D ) : * To score a particular assignment of responders to depots, all response times incident Response Times e
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_ o . o What if analysis? Expected Response Time  Suggested Dispatch MMCTS performs better than greedy baseline with most parameters
C.om.par|.50n Of 1) incidents predicted by model {left), and (2) real incident Visualize and relocate Change Due to Relocated  Decisions. Future Work Oracle solutions show the potential upside. It requires an even better incident
distribution (right) over January 2019 Fire stations or New Depots (Integrate Rebalancing) forecasting model.
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