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AI & Multiagent Systems Research for Social Impact

Public Safety 
and Security

ConservationPublic Health

Optimize Our Limited Intervention Resources 

Presenter
Presentation Notes
My team’s work on AI for Social Impact has focused on public health, conservation and public safety



Lesson #1:
Achieving Social Impact and AI Innovation Go hand-in-hand
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Presenter
Presentation Notes
In this talk, I will start by focusing on public health… One example of work I will discuss is work we have done in Los Angeles…Third area of work we have done but I will not focus on today…
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Lesson #2:
Partnerships with Communities, NGOs (non-profits) crucial

Empower non-profits to use AI tools; avoid being gatekeepers to AI4SI technology



Prescriptive
algorithm

Multiagent  
Reasoning
Intervention

Immersion

Data 
Collection
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Predictive
model

Machine
Learning

Lesson #3:
Data-to-deployment pipeline; beyond improving algorithms

Presenter
Presentation Notes
Transition: This emphasis on field testing and deployment allows me to make some observations about this area of research



Date: 12/10/2021 6

Field tests
& 

deployment

Prescriptive
algorithm

Multiagent  
Reasoning
Intervention

Immersion

Data 
Collection

Predictive
model

Learning/
Expert 
input

Field test & deployment: Social impact is a key objective

Lesson #3:
Data-to-deployment pipeline; beyond improving algorithms 

Presenter
Presentation Notes
We do these deployments because we want to achieve social impact. Social impact must be a key objective here. Social impact must be a first class citizen of this area of research, or else its not AI for Social ImpactGive credit to researchers not only for the algorithmic improvements; which we have but also for bridging the other gaps in the data-to-deployment pipeline including real-world evaluation



Public Health

Date: 12/10/2021 7

Conservation 

 Cover papers from 2017-now [AAMAS, AAAI, IJCAI, NeurIPS…]
 Focus on real world results; more simulations in papers
 PhD students & postdocs highlighted

Outline: Four Projects

 Social networks: HIV prevention

 Restless bandits: Maternal & child care
 Agent-based modeling: COVID-19 dynamics

 Game theory, behavior modeling: Poaching prevention



Information dissemination & behavior change
Optimizing Limited Intervention (Social Worker) Resources
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Prevent HIV in youth experiencing homelessness: HIV 10x housed population

 Shelters: Limited number of peer leaders to spread HIV information in social networks

 “Real” face-to-face interactions; not Facebook etc



C E
P(D,E)=0.4

Influence Maximization in Social Networks 

 Independent cascade model: Propagation probability
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C

F

H
Select peer leader nodes to 
Maximize Expected Number 

of Influenced Nodes 

C D
P(C,D)=0.4

Presenter
Presentation Notes
In the independent cascade model, we have a graph or network given by its vertices V and edges E. Further, the edge set E is disjointly divided into E_cert the set of certain edges (which consist of the friendships which we are sure about) and E_uncert, the set of uncertain edges, i.e., the set of edges/friendships which we are uncertain about. In order to specify the uncertainty precisely, we assume that every certain edge in the network is associated with one probability called the propagation probability 



Influence Maximization in Social Networks
Three Key Research Challenges

 Uncertainty in propagation probability over edges

 Multi-step dynamic policies to handle peer leader “no shows”

 Unknown social network, limited query budget to uncover network
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Lesson #4: Research challenges in AI for social impact?

Lack of data & uncertainty is a key feature of AI for social impact

Sketch some ways we solve these problems

Presenter
Presentation Notes
Previously, a lot of work has been done to solve this problem in the field of influence maximization. In this, you are given a network and are given a specification of your influence model. i.e., how does influence( or in our case “information/messages”) spread from person to person at every time step. And you are asked to choose K nodes which will maximize the expected number of influenced nodes at the end of T time steps.  



Challenge 1: Uncertainty in Real-world Physical Social Networks

11Date: 12/10/2021

C D
P(C,D)=0.4

C D

0 1μ = 0.5

C D

0 1μ ∈ [0.3, 0.7]



Robust Influence Maximization
(AAMAS 2017)

 Worst case parameters: a zero-sum game against nature

max
𝑥𝑥∈∆|𝑃𝑃|

min
𝜇𝜇,𝜎𝜎

∑𝑥𝑥𝑝𝑝
(𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂(𝑝𝑝))
𝑂𝑂𝑂𝑂𝑂𝑂(𝜇𝜇,𝜎𝜎)

Nature
Chooses parameters 

μ,σ
vs

Algorithm
Choose Peer Leaders p ∈ 𝑃𝑃
generating mixed strategy  

“𝑥𝑥 ∈ ∆|𝑂𝑂|”
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Wilder



Params #1 Params #2

Policy #1 0.8, -0.8 0.3, -0.3

Policy #2 0.7, -0.7 0.5, -0.5

HEALER Algorithm
Robust Influence Maximization
(AAMAS 2017)

 Equilibrium strategy despite exponential strategy spaces: Double oracle

Influencer’s oracle

Nature’s oracle

Params #1 Params #2 Params #3

Policy #1 0.8, -0.8 0.3, -0.3 0.4, -0.4

Policy #2 0.7, -0.7 0.5, -0.5 0.6, -0.6

Policy #3 0.6, -0.6 0.4, -0.4 0.7, -0.7In
flu

en
ce

r

Nature
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Params #1 Params #2 Params #3

Policy #1 0.8, -0.8 0.3, -0.3 0.4, -0.4

Policy #2 0.7, -0.7 0.5, -0.5 0.6, -0.6

Policy #3 0.6, -0.6 0.4, -0.4 0.7, -0.7

Wilder

Theorem: Converge with approximation guarantees

\ Params #1 Params #2

Policy #1 0.8, -0.8 0.3, -0.3

Policy #2 0.7, -0.7 0.5, -0.5

Policy #3 0.6, -0.6 0.4, -0.4

Presenter
Presentation Notes
Q: For AAMAS 2017 paper, I am trying to anticipate the following question, probably overthinking it, but may be of interest: Right now, I am introducing a mixed strategy as the solution we are after in choosing peer leaders. We then could sample back a pure strategy (as you have suggested yesterday). Compare that to the situation that we directly solve for the pure strategy that maximizes the minimum (as I think you have done for the AAMAS 2018 paper CHANGE by searching over a discrete space). Is there a computation advantage to going first for the mixed strategy? IF we wanted a pure strategy in the end, what is the computational advantage of first using a randomized mixed strategy solution -- I assume there is one, and that is why you implemented it, but could you please let me know? �ANSWER:Solving for the optimal pure strategy is computationally intractable. CHANGE uses a heuristic with no guarantee for quality. The mixed strategy + sampling can actually be implemented faster, and then also provides guarantees on the output.----Q: Why is it hard to find the optimal pure strategy if we discretize the parameter values (for the "nature" player)?�Wouldnt it be looking through pure strategies one by one trying to find the min, and finding the one that maximizes over this minimum.I am making a mistake, but not sure.The problem is that there are exponentially many pure strategies for the influence maximizer (choices of seed sets) so naive enumeration is intractable. The combinatorial optimization problem of maximizing the minimum influence for a single set of seed nodes is provably NP-hard to approximate.�



Challenge 3:
Sampling Networks: Exploratory Influence Maximization 
(AAAI 2018)
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Data collection costly Query 15% nodes
Sample node randomly 
& estimate size of its 
community;
Choose seeds from 
largest K communities

Wilder

Sampling Algorithm

Theorem: For community-structured graphs(*), sampling algorithm obtains a constant-
factor approximation to the optimal influence spread using polylog(n) queries.

(*)Community structured: drawn from a stochastic block model

• Query 15% of nodes  in the population
• Output 𝐾𝐾 peer leader nodes to spread influence
• Perform similar to 𝑂𝑂𝑃𝑃𝑂𝑂, best influence spread with full network

Presenter
Presentation Notes
Recently removed one final obstacle 



“CHANGE” with Homeless Youth
(IJCAI 2018)
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Yadav Wilder

Network Sampling
CHANGE

Robust multi-step policy

Peer leader selection

• 750 youth study with Prof. Eric Rice
• CHANGE vs Degree centrality vs Control
• Actual reduction in HIV risk behaviors?



Results of 750 Youth Study [with Prof. Eric Rice]
Actual reduction in HIV RISK Behavior?
(AAAI 2021, Journal of AIDS/JAIDS 2021)
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First large-scale application of influence maximization for public health 

Presenter
Presentation Notes
	Time 0	Time 1 	Time 2AI	27%	18.10%	17.50%DC	33.70%	34.70%	24.10%OBS	21.50%	21.00%	23.70%



Results of 750 Youth Study [with Prof. Eric Rice]
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*Statistical significance 
results in AAAI’21, JAIDS’21

Presenter
Presentation Notes
	Time 0	Time 1 	Time 2AI	35.60%	29.80%	20.10%DC	42.20%	42.70%	31.50%OBS	46.20%	35.20%	40.10%



What our collaborators are saying:
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Next Steps: Fairness in Influence Maximization
(NeurIPS 2019, IJCAI 2019, AAAI 2021)

7/7/2020 19

Rahmattalabi

Influence spread may cause disparity

0

50

100
Influence spread (one step)

Maxmin fairness:
NeurIPS2019

Diversity constraints:
IJCAI2019

ϒ:  Max of minimum utility for any community

Uc: Constraint from cooperative game theory

Inequity aversion:
AAAI 2021 𝑊𝑊𝛼𝛼 𝑢𝑢 𝐴𝐴 α controls fairness tradeoff; policymaker has choice

Presenter
Presentation Notes
Another direction is fairness in influence maximizatonA are allocations of nodes on the graphThe argument is avoiding committing to a single fairness measure because each one takes a position on the tradeoffs in equity vs task performance; but instead provide decision maker flexibility to make a choice in this tradeoff.
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Next steps: Reinforcement Learning (RL) 
(AAMAS 2021 with IIT-Madras, UAI 2021)
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Random CHANGE RL4IM

RL speeds up Influence Maximization (RL4IM):
RL4IM comparable performance to CHANGE, but 
negligible runtime

Chen

State: Current 
discovered graph RL agent

chooses node v
to query

Query budget
exceeded:

Run Influence
maximization
& get reward

Query budget
not

exceeded

RL for network sampling Network 
Family

Improve %

Rural 23.76

Animal 26.6

Retweet 19.7

Homeless 7.91

Presenter
Presentation Notes
Influence maximization in its essence is a (stochastic) combinatorial optimization problem over networks. Inspired by recent works that use RL to address combinatorial optimization problems, we make explorations how RL could be used in addressing the challenges that we discussed. AAMAS2020 paper addresses challenge 3 with RL. UAI2021 paper addresses challenge 2 with RL.Our ultimate goal is not just the pilot study with tens of youth, but city-wise intervention with thousands of homeless youth. (not sure if we want to say this?)A major obstacle that prevents algorithms like CHANGE to larger social networks is the runtime, especially for non-profits with low-resource computing.Runtime (in mins) of CHANGE w.r.t. number of seeds 𝑘, on a social network with 1000 nodes and 5000 edges.



Public Health
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Conservation 

Outline

 Social networks: HIV prevention

 Restless bandits: Maternal & child care
 Agent-based modeling: COVID-19 dynamics

 Game theory, behavior modeling: Poaching prevention



Motivating Restless Bandits 
Health Program Adherence: Maternal & Child Care in India 
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Woman dies in childbirth every 15 min; 4 of 10 children too thin/short

Weekly 2 minute 
AUTOMATED MESAGE 
to new/expecting moms

25 Million women

 Unfortunately, significant fraction 30-40% may become low-listeners  

mMitra: Significant benefits 
2.2 million women enrolled 

 Limited intervention resources: Service call to small number of beneficiaries

Presenter
Presentation Notes
A woman dies in childbirth every 15 minutes in India.India accounts for more than 11% maternal deaths globally.2 children under age 5 die every minute in India.4 out of 10 children are too thin or short for age



Intervention Scheduling with Limited Resources: 
Motivating Restless Bandits

23Date: 12/10/2021
Photo Credit: IntraHealth International (CC BY-NC-SA 3.0 via 

https://www.intrahealth.org/)

Example:

 Large number N beneficiaries: 200000

 Choose K=4000 for service call per week?

 Maximize health messages listened to



Intervention Scheduling with Limited Resources: 
Motivating Restless Bandits
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Photo Credit: IntraHealth International (CC BY-NC-SA 3.0 via 

https://www.intrahealth.org/)

Challenges:
 Call may not change beneficiary state

 Beneficiary may change state on their own

 Prioritize 4000 beneficiaries per week

Restless bandit: K of N arms per week

Example:

 Large number N beneficiaries: 200000

 Which K=4000 for service call per week?

 Maximize number of messages listened to



Restless Bandits Model: Each Arm is an MDP
Each Arm Models a Beneficiary
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GoodBad

States of MDP

Pbad→good

Pbad→bad Pgood→bad
Pgood→good

Actions Transition matrix

0.8 0.2

0.2 0.8

0.2 0.8

0.05 0.95A“bad” state & a “good” state Intervene or 
Not intervene



Restless Bandits Model
Whittle Index: Efficiently Select K out of N Beneficiaries
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Compute Whittle index for current state of each arm: Computes benefit of intervention

𝑊𝑊 𝑠𝑠 = 𝐼𝐼𝐼𝐼𝐼𝐼𝛾𝛾 𝛾𝛾: 𝑄𝑄𝛾𝛾 𝑠𝑠, = 𝑄𝑄𝛾𝛾 𝑠𝑠,

Mate

Choose top K arms by benefit
Use (Qian et al 2016) algorithm

Presenter
Presentation Notes
and the smallest m that wouldmake passive action optimal for the current state is defined to bethe Whittle index for this arm at this state. Whittle index policychooses to activate the k arms with the highest Whittle indices. Intuitively, the larger the m is, the larger the gap is between activeaction (activate) and passive action, the more attractive it is for theplayer to activate this arm



Key Research Challenge
Unknown Transition Probabilities
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 Limited previous beneficiary data: features f + engagement sequence {(s, a, s’),  … }

Mate

 Clustering compensates for lack of data, also speeds up Whittle index computation

Training Step:
With historical
batch data 

Passive transition 
probability data

Fit a GMM 
or k-means Learn a map from

features → clusters 

Testing Step:
New, unseen 
beneficiaries features

Predict 
clusters
[0.3, 0.1, 0.6]

Compute 
Whittle indices Top k



Results of 23000 Beneficiary Field Study
(Under submission)
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First large-scale application: restless multiarmed bandits (RMAB) for public health 

 7667 beneficiaries per group: 
RMAB, Round-robin, 
Current-Standard-of-Care (CSOC)

 Pulled 225 arms/week for seven weeks 

 How many more health messages listened to 
over  Current-Std-of-Care (CSOC) group

 Statistical significance: linear regression model 

New 100,000 Beneficiary Study
Transitioning software to ARMMAN

Mate



ARMMAN Feedback
Youtube: “AI for Social Good in partnership with ARMMAN”

“We are able to reach out to 
more and more women each 
week, and get them back into 
the fold and save lives, because 
of AI” – Dr Aparna Hegde

Date: 12/10/2021 29

“I follow all the 
advice and 
take good care 
of my baby”



Next steps: Adherence Monitoring
for Preventing Tuberculosis in India
(KDD 2019)
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Tuberculosis (TB): ~500,000 deaths/year, ~3M infected in India

TB Treatment
6 months of pills

Killian

 Which patients to call? Challenge of partial observability 

. . . 

. . . 
. . . 



Collapsing Bandits:
Restless Bandits with Partial Observability
(NeurIPS 2020)
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When arm played: Uncertainty collapse

 Observe current state

Mate Killian

When arm not played (patient not called)

 No observation

 Instead, compute belief of adherence

b(adhering,t+1)

1

0

b(adhering,t+2)

1

0

b(adhering,t+2)

1

0

b(adhering,t)

1

0

1

0
b(adhering,t+1)

 Exploit “collapsing” for fast algorithm: Fixed number of belief states

Theorem (Whittle Index): Collapsing bandits are Indexable if threshold policies are optimal.

Presenter
Presentation Notes
So the benefit is that due to collapsing nature of the bandit, there are only a (hopefully small) finite # of indices that need to be computed; in the case of TB, its roughly 360 per patient?(and these can be precomputed)Hi Milind,�The main thing that comes to mind is that the collapsing uncertainty allowed us to precompute all the indices, since it guaranteed a finite number of belief states. Since whenever you act, you are guaranteed to see 0 or 1, then you can imagine rolling out all the “passive action” belief updates that might happen from then until the end of simulation, and those are the only belief states you will ever see, for sure, even if you act. Because if you act, you reset to 0 or 1 again and any following “passive action” belief updates will be the same as what you precomputed.�However, if uncertainty doesn’t collapse, then whenever you act, your belief could in theory change to any value between 0 and 1… so you could rollout your "passive action" belief updates until the end of the simulation, but as soon as you act you will reset to a new belief value that you haven’t seen before… and so you’d have to rollout your “passive action" updates anew from there... and so its impossible to precompute all the belief states you will see (tractably, at least), and in turn impossible to precompute the indices. So at best, you must compute the indices on the fly, based on whatever your current belief state may be.�In theory being able to pre-compute the indices should give us some speedups over computing on the fly — Aditya may have a better sense of the order of the speedup — I remember seeing something about this in one version of the experiments a while ago before submitting to NeurIPS. He also may also have come across this when considering noisy observations in his recent AAMAS submission?�Anyway, I hope I’ve described my thoughts clearly.�



 Orders of magnitude speedup with little solution quality loss

 ORANGE = Best baseline

 Blue = Our model
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Mate Killian

New Fast Algorithm: 
Collapsing Bandits for Partial Observability
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Next Steps:
Decision-focused Learning in Restless Bandits
(AAMAS2020, NeurIPS 2020, NeurIPS 2021)

25 Million women

Data-to-deployment pipeline:

Evaluation
& 

deployment

Optimize

Restless 
bandits:
Top K 

beneficiaries

Immersion

Problems/
Data 

Collection

Learning

Features to 
transition 

probabilities

Wang

• TWO STAGES: Maximize learning accuracy, then maximize decision quality
• Maximizing learning accuracy ≠ Maximizing decision quality

Presenter
Presentation Notes
Hi Milind,I found that saying any details about decision-focused learning is almost impossible. My plan here is to link back to your data-to-deployment pipeline slide and use decision-focused learning as a short conclusion for data-to-deployment pipeline.We have discussed how to use the adhering behavior of beneficiaries to assign proper service calls. The remaining problem is how to infer the adhering behavior of all the patients and beneficiaries. This is exactly what predictive model is used in the data-to-deployment pipeline. We need to learn the unknown information from the data before running prescriptive algorithms. However, in data-to-deployment pipeline, predictions are not just predictions of machine learning models. Predictions can have different consequence in the prescriptive algorithms and deployment. We must be aware of the consequence of predictions.Decision-focused learning integrates the decision-making process into the learning pipeline. This allows the predictive model to be able to estimate the consequence of the predictions and adjust accordingly.
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Next Steps:
Decision-focused Learning in Restless Bandits
(AAMAS2020, NeurIPS 2020, NeurIPS 2021) Wang

• Maximizing learning accuracy ≠ Maximizing decision quality

Two-stage

Decision-focused

High learning accuracy
Low decision quality

Low learning accuracy
High decision quality

Predict transition probability + choose high risk arms

feature

Tr
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si
tio

n 
pr

ob

High-risk

Linear regressor

feature
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n 
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feature
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n 
pr

ob

• Decision-focused learning: Modify loss function to directly maximize decision quality 
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Next Steps:
Decision-focused Learning in Restless Bandits
(AAMAS2020, NeurIPS 2020, NeurIPS 2021) Wang

• Maximizing learning accuracy ≠ Maximizing decision quality
• Decision-focused learning: Modify loss function to directly maximize decision quality 
• Working on ARMMAN

: 𝜕𝜕 MDP accuracy
𝜕𝜕 model
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Online learning with multiple actions (no past data):

 Policies: index Q-Learning 

Fast Planning

 Risk aware restless bandits 

 Robust restless bandits
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Next Steps in Restless Bandits
(AAMAS 2021a, KDD 2021, IJCAI 2021, AAMAS 2021b)

Planner

S,R

Budget

A

Whittle
Index 

Learning

Biswas KillianMate

Presenter
Presentation Notes
Hi Milind,-- IJCAI'21 paper and one of the algorithms of the KDD'21 paper  both do learn Whittle index?It is not entirely correct to say that one of the algorithms from KDD’21 learns the Whittle index — rather, one of the algorithms learns a multi-action extension of the Whittle index. The former is not correct because the Whittle index is only defined in the 2-action case. There is one algorithm in KDD'21 that does focus on Lagragian-relaxed objective. Soif I am speaking about these IJCAI/KDD papers together, is it fair to say that they are learning Whittle indexes(at least two of the three algorithms are)? Please correct me if I am wrong.I agree that for brevity it’s probably fine to use a description of IJCAI/kDD that ignores the Lagrangian-relaxed objective. However, see above about exact wording — maybe you can say "Whittle indexes and their multi-action extensions."-- Is there a one line insight about the Q-learning used? I have Arpita's slide, but that seems to emphasize the Lagrangianrelaxation rather than something in the RL technique. Is there anything we can say about what worked vs what didnt?I think the key RL insights will be around how we “altered” the Q-learning to accommodate the relaxation/indexes, and how this relates to traditional QL. To that end: at least in the KDD’21 paper we had this analysis of two-timescale vs. single time-scale learning — the two timescales are there because our “altered” Q-functions include the indexes in their definition, and vice versa, and we need to estimate both despite their interdependence. So we learn each on its own timescale to get a proper convergence+optimality guarantee (standard technique from stochastic approximation). However, this two-timescale learning is slow/brittle in practice — so we derive a single-timescale procedure which simply approximates Q as a function of the indexes at some discrete points (at a memory cost) that searches for indexes before each planning step, based on our current estimates. We can do this b/c the search procedure is fast b/c the form of Q(index) is convex, and we show that the discretization of Q(index) can be quite coarse while still performing well on realistic problems, keeping the memory costs low.So the one-liner might be: “Learn on 2 timescales for provable convergence — 1 timescale for performance on real problems"



COVID-19: Agent-based Simulation Model

Wilder



• Tests varying sensitivity/cost: which one to use?

• qRT-PCR (“gold standard”): Detect viral concentration of 103/mL, $50-100
• Antigen strip (“Less sensitive”): 106/mL, $3-5 

COVID Testing Policy: Accuracy vs Ease
(Science Advances, 2020) with Prof. Michael Mina Wilder

1.00E+00

1.00E+02

1.00E+04

1.00E+06

Every 3 days Every 5 days

Total infections

1.00E+00

1.00E+02

1.00E+04

1.00E+06

Every 3 days

Total infections
(1 day delay)

1.00E+00

1.00E+02

1.00E+04

1.00E+06

Every 3 days

Total infections

Less sensitive; Cheap & fast turnaround More sensitive; Costly & slow turnaround

38

Rapid turnaround time & frequency more critical than sensitivity for COVID-19 surveillance

Presenter
Presentation Notes
Quantity vs quality; sensitive expensive & slow; cheap and fast are less accurate



COVID Testing Policy: Impact

• Covered in NYT, WaPo, Time, The Atlantic, The Hill, etc
• Allowed epi collaborators to advocate to FDA/CDC

12/10/2021 39



Public Health
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Conservation 

Outline

 Social networks: HIV prevention

 Restless bandits: Maternal & child care
 Agent-based modeling: COVID-19 dynamics

 Game theory, behavior modeling: Poaching prevention



Patrols to Reduce Snaring in Wildlife Parks
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Snare or Trap Wire snares

Presenter
Presentation Notes
Since there are many poachers in green security domains, we view the adversary as an abstract attacker who controls many poachers, e.g., one poacher per cell. The decision for the abstract attacker is to, for each cell, decide to attack or not attack that cell in a bounded rational fashion. This is precisely what g_i learns, i.e., the probability each cell being attacked. So it is an equilibrium against such a bounded rational attacker.
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Area1 Area2

Area1 4, -3 -1, 1

Area2 -5, 5 2, -1

Stackelberg Security Games to Prescribe Patrols

Presenter
Presentation Notes
Since there are many poachers in green security domains, we view the adversary as an abstract attacker who controls many poachers, e.g., one poacher per cell. The decision for the abstract attacker is to, for each cell, decide to attack or not attack that cell in a bounded rational fashion. This is precisely what g_i learns, i.e., the probability each cell being attacked. So it is an equilibrium against such a bounded rational attacker.
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Area1 Area2

Area1 4, -3 -1, 1

Area2 -5, 5 2, -1

 Bounded rational poacher model: learn via past poaching data
 Randomized (mixed) strategy for rangers

Stackelberg Security Games to Prescribe Patrols

Presenter
Presentation Notes
Since there are many poachers in green security domains, we view the adversary as an abstract attacker who controls many poachers, e.g., one poacher per cell. The decision for the abstract attacker is to, for each cell, decide to attack or not attack that cell in a bounded rational fashion. This is precisely what g_i learns, i.e., the probability each cell being attacked. So it is an equilibrium against such a bounded rational attacker.
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Area1 Area2

Area1 4, -3 -1, 1

Area2 -5, 5 2, -1

Stackelberg Security Games to Prescribe Patrols

 Bounded rational poacher model: learn via past poaching data

Presenter
Presentation Notes
Since there are many poachers in green security domains, we view the adversary as an abstract attacker who controls many poachers, e.g., one poacher per cell. The decision for the abstract attacker is to, for each cell, decide to attack or not attack that cell in a bounded rational fashion. This is precisely what g_i learns, i.e., the probability each cell being attacked. So it is an equilibrium against such a bounded rational attacker.



Learning Adversary Response Model:
Uncertainty in Observations
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Nguyen
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Training: Filtered Datasets
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Presenter
Presentation Notes
As the next step, I extend the LensQR behavioral model to incorporate the time dependency of the poachers’ behavior. Furthermore, I introduce a new detection component of predicting the probability that the ranges can observe any poaching sign. I model these components using all key features including 



PAWS: First Pilot in the Field
(AAMAS 2017)

 Two 9-sq.km areas, infrequent patrols
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GholamiFord

 Poached elephant
 1 elephant snare roll
 10 Antelope snares

Presenter
Presentation Notes
QENP: ~2500 km212-year patrols~125000 observations6 types of illegal activities Not only did they find an elephant but also an elephant snare role



PAWS Predicted High vs Low Risk Areas:
3 National Parks, 24 areas each, 6 months
(ECML PKDD 2017, ICDE 2020)
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PAWS Real-world Deployment 
Cambodia: Srepok Wildlife Sanctuary
(ICDE 2020)
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Xu

2019 PAWS: 521 snares/month

vs

2018: 101 snares/month

2021 PAWS

1,000 snares found in March

Presenter
Presentation Notes
Domain-expert validated modelsAlso animal sightings. Significance: Poachers go where the animals are.



PAWS GOES GLOBAL with SMART platform!!
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Protect Wildlife
800 National Parks 
Around the Globe

Srepok, Cambodia

Royal Belum, Malaysia

Cross River, Nigeria

Sapo, Liberia

Kafue, Zambia

Gonarezhou, Zimbabwe

Limpopo, Mozambique

Xu

Presenter
Presentation Notes
Today we are making this green security game software available to NGOs throughout the world via two key partnerships.First with Microsoft’s AI for Earth, we are making this software available on their Azure cloud. Second, we have been working withSMART partnerhship
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Area1 Area2

Area1 4, -3 -1, 1

Area2 -5, 5 2, -1

Stackelberg Security Games to Prescribe Patrols

 Do poachers get deterred by patrols?

Xu

Presenter
Presentation Notes
Since there are many poachers in green security domains, we view the adversary as an abstract attacker who controls many poachers, e.g., one poacher per cell. The decision for the abstract attacker is to, for each cell, decide to attack or not attack that cell in a bounded rational fashion. This is precisely what g_i learns, i.e., the probability each cell being attacked. So it is an equilibrium against such a bounded rational attacker.



Is Adversary observing & Reacting to Patrols?
YES! Adversaries deterred by patrols
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Xu

 Logistic regression model

Perrault
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Presenter
Presentation Notes
We learn a logistic regression model trained on 7 years od patrol data from two national parks in Uganda, Murchison Falls and Queen ElizabethBeta > 0: Current patrol effort increases likelihood of detecting poachingGamma < 0: Past patrol effort decreases likelihood of poaching occurring
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Xu Perrault
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 Is adversary observing & reacting to patrols? Logistic regression model

Is Adversary observing & Reacting to Patrols?
YES! Adversaries deterred by patrols

Presenter
Presentation Notes
We learn a logistic regression model trained on 7 years od patrol data from two national parks in Uganda, Murchison Falls and Queen ElizabethBeta > 0: Current patrol effort increases likelihood of detecting poachingGamma < 0: Past patrol effort decreases likelihood of poaching occurring



 Worst case parameters: a zero-sum game against nature

max
𝑥𝑥∈∆|𝑃𝑃|

min
𝜇𝜇,𝜎𝜎

∑𝑥𝑥𝑝𝑝
(𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂(𝑝𝑝))
𝑂𝑂𝑂𝑂𝑂𝑂(𝜇𝜇,𝜎𝜎)

Nature
Chooses parameters of

poacher model 
μ,σ

vs

Algorithm
Choose Patrol strategy 
p ∈ 𝑃𝑃 generating mixed 

strategy  “𝑥𝑥 ∈ ∆|𝑂𝑂|”
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Xu

MIRROR: Handling Uncertainty in Poacher Model
Simulation Results (UAI 2021) 
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Xu Perrault

MIRROR: Deterrence-Based Patrol Planning
Simulation Results (UAI 2021) 
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Regret Across Time Horizons

MIRRROR Maximin reward
Middle Random

 Double oracle: Iteratively solve for equilibrium
 Final strategy is guaranteed to minimize max regret



Next Steps: 
Integrating Real-Time “SPOT” Information 
(IAAI 2018, AAAI 2018, AAAI 2020) 
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Bondi

Si-G Model: Stackelberg Security Games with Optimal Deceptive Signaling
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Data-scarce parks: conduct 
patrols to detect illegal activity and

collect data to improve the 
predictive model

56

exploitation

exploration

Data-rich parks: build predictive 
models to plan patrols

Xu

Next Steps:
Data Scarce Parks

Srepok, Cambodia
43,269 patrol observations

2013 – 2018

Royal Belum, Malaysia
824 patrol observations

June – August 2018

Presenter
Presentation Notes
Past work has focused on leveraging historical data to build accurate predictive models to identify poaching hotspots and plan patrols. Our goal in these data-scarce parks is to simultaneously conduct patrols to detect illegal activity and improve the predictive model.Looking at this from a different perspective, going to known hotspots requires we exploit past observations, and improving the predictive model requires we explore different areas. This exemplifies the exploration–exploitation tradeoff in machine learning, which is commonly addressed with a multi-armed bandits approach. As we will show, existing bandits approaches are insufficient for our needs. 



LIZARD: Multiarmed Bandit
LIpschitZ Arms with Reward Decomposability
(AAAI 2021)

Date: 12/10/2021

Theorem: With time horizon 𝑂𝑂, regret bound of LIZARD is 𝑅𝑅𝑅𝑅𝑅𝑅𝑟𝑟𝑅𝑅𝑟𝑟 𝑂𝑂 ≤ 𝑂𝑂 𝑂𝑂
2
3

• Input: 𝐼𝐼 targets with features, stochastic poacher places snares at targets
• Output: Patrol effort per target ≤ budget 𝐵𝐵
• Reduce regret wrt 𝑂𝑂𝑃𝑃𝑂𝑂, optimal patrol effort, for capturing snares

LIZARD algorithm exploits decomposability, smoothness, monotonicity

Xu

Presenter
Presentation Notes
Combines Lipschitz assumption with decomposability to improve upon proven lower bound 𝑂(𝑇^((𝑁+1)/(𝑁+2)) )" for all " 𝑁>1.



Preventing Human-Wildlife Conflict
(Joint work with P. Varakantham, WCT)

58Date: 12/10/2021

● Most forest areas in India are multi-use: wild animals & humans co-habit, conflict

● Our predictions used to distribute funds in Bramhapuri division, Maharashtra

Ghosh

Presenter
Presentation Notes
Since there are many poachers in green security domains, we view the adversary as an abstract attacker who controls many poachers, e.g., one poacher per cell. The decision for the abstract attacker is to, for each cell, decide to attack or not attack that cell in a bounded rational fashion. This is precisely what g_i learns, i.e., the probability each cell being attacked. So it is an equilibrium against such a bounded rational attacker.



Future: AI for Social Impact (AI4SI)
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Achieving social impact  & AI innovation go hand in hand

Important to step out of the lab and into the field

Embrace interdisciplinary research -- social work, conservation

Lack of data is the norm, a feature; part of the project strategy

Data to deployment: Not just improving algorithms

Empower non-profits to use AI tools; avoid being gatekeepers to AI4SI tech

Important to integrate AI innovations in NGO normal workflow 

Presenter
Presentation Notes
We are not the first to discuss use of AI or science for social good.  
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THANK YOU

#AIforSocialImact

Presenter
Presentation Notes
With NGOs in the social sector
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