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An Example of Modeling Behaviors: Ship Movement
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Image Credit : ShipsNet Data Set https://github.com/rhammell/shipsnet-detector
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What can a model of ship behaviors give you?
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What can a model of ship behaviors give you?
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#1
Predictions on where
ships are likely to go
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What can a model of ship behaviors give you?
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#H2
Detections of anomalous
ship behavior
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What can a model of ship behaviors give you?
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#3
Interferences on areas
that ships seem to avoid
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What can a model of ship behaviors give you?

Trends of behavior that persist among all ships
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Other Examples of Behaviors to Model

To identify important events To teach how to perform tasks
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Image Credit : DARPA Mind’s Eye Project Other Image Credits: www.sei.cmu.edu and www.cmu.edu
http://www.cs.colostate.edu/~draper/MindsEye.php
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A Gentle Introduction to Inverse Reinforcement Learning

Main Takeaway: Inverse Reinforcement Learning (IRL) takes a set of observed behaviors
(captured in data) by one or more agents, and learns the preferences agents have that

describe to observed behaviors. M',w AR

Given: Observations of behavior e )
B = {((51; al), (Sz, az), )1, ey ((51, al) )Tl}

Learn: A reward function
R:§SxA R

That is:
1. High for behavior that is common in the data
2. Low for behavior that isn’t

The reward function effectively models
Preference exhibited in the observed behaviors.

\ . . . ) :
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IRL in a little more detall

Given: T = {((s, a)y, ..., (s, a)nl) e, ((S, a)q, ..., (s, a)nm) } where s € §,a € A
1 m
Two Steps (Iterate between until convergence):
1. Learn a policy : § X A +~ [0,1], such that V¢ Qiaep s) lals) =1
based on the current estimate of reward #, using forward reinforcement learning

2. Learnareward 7:8S X A~ R
based on how closely expected trajectories from m are to T

Main Ideas:
7 IS meant to recover some 7* that generated T
r models the underlying reward structure that drives *

Both can be applied to states and actions that were not observed!

\ . T e . ) .
Car negie Mellon Univer all} A Series of Unlikely Events DISTRIBUTION STATEMENT A] This material has been approved for public release and unlimited distribution.
2020 Carnegie N University

- . Vellon
Software Engineering Institute



Demo

https://resources.sei.cmu.edu/
downloads/IRL-demo/
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Empirical Results — Computational Efficiency

Requirement: In order for us to apply IRL to large-scale problems, we
must write the software that learns a reward function fast.

10x 10 3m 15s

Square Grid

25x 25 625 4 20 58m 24s 1m 10s 50x
Square Grid

100 x 100 10,000 7 226 23h 51m 34s 3m 7s 459x
Hex Grid

Instead of learning a model in a day, our implementation took 3 minutes.
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Next Steps: More Rigorous Evaluation

Tasks we want to show IRL can do:

Per ship:

1. Change prediction (change in speed, sharp turn)
2. Destination prediction.

3. 3. Collision detection

Per Region:
1. Affect of season on ship behavior
2. Affect of ship type on ship behavior

Train a MCEIRL (Ziebart; 2010) model on different seasons. Compare policies using KL
Divergence.

Base season: Winter 2016
Compared to Spring, Summer, Fall, Winter 2015

Ty (als)

Dy (my,m,) = Z T[W(als)logm

a€D4(s)
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Experiment: Divergence between seasonal policies

Winter 2016, Spring 2015
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Experiment: Divergence between seasonal policies

Winter 2016, Fall 2015

0.40

0.35

kl-divergence
© o e e
= = o &
(=] (%)) [=] (%)
1 1 1 1

MUMMMJLM MJJu

0.00

I ——
states

\ . . v

(Jﬂl‘ll(‘rf—’l(‘ NI(‘HOH Uﬂl\’(‘l'blly A Series of Unlikely Events [DISTRIBUTION STATEMENT A] This material has been approved for public release and unlimited distribution.
g . . . © 2020 Carnegie Mellon University

Software Engineering Institute



Experiment: Divergence between seasonal policies

Winter 2016, Summer 2015
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Experiment: Divergence between seasonal policies

Winter 2016, Summer 2015
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More Ongoing Work: More Expressive State/Action Spaces

In the demonstration...
1. States S are discrete “boxes” in the ocean
2. Actions A = {North, Northeast, East, Southeast, ... }
Nice for a simple demonstration, but there’s more information to represent a ship’s state.

U.S. Coast Guard Automatic Identification System Data

MMSI Identifier IMO Identifier Date/Time
LAT LON SOG
COG Heading Callsign
Vessel Type Status (activity) Length
Width Draft Cargo (Hazardous)
Carnegie Mellon University A Series of Unlikely Events [DISTRIBUTION STATEMENT A] This material has been approved for public release and unlimited distribution.

© 2020 Carnegie Mellon University

Software Engineering Institute



Ongoing Work: More Expressive State/Action Spaces
In the demonstration...

1. States S are discrete “boxes” in the ocean

2. Actions A = {North, Northeast, East, Southeast, ... }

Nice for a simple demonstration, but there’s more information to represent a ship’s state.

U.S. Coast Guard Automatic Identification System Data

MMSI Identifier IMO Identifier
For the SOG
Demo... coc Heading Callsign
Vessel Type Status (activity) Length
Width Draft Cargo (Hazardous)
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Ongoing Work: More Expressive State/Action Spaces
In the demonstration...

1. States S are discrete “boxes” in the ocean

2. Actions A = {North, Northeast, East, Southeast, ... }

Nice for a simple demonstration, but there’s more information to represent a ship’s state.

U.S. Coast Guard Automatic Identification System Data

MMSI Identifier IMO Identifier
Now... .
Callsign
Length
Width Draft Cargo (Hazardous)
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Preliminary Results: Some Learned Ship Behaviors

Generative Adversarial Imitation Learning (GAIL) (Ho and Ermon; 2016)
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Preliminary Results: Some Learned Ship Behaviors

Generative Adversarial Imitation Learning (GAIL) (Ho and Ermon; 2016)
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Modeling Expert Behavior

Main Idea: Capture experts doing sequential tasks; Learn a policy
that can predict expert behavior

Potential Applications in Intelligence Analysis:
1. Create tools to teach novice analysts
2. Integrate policy in software toolchain for recommendations

= _

Today: Modeling expert data scientist behavior 1 |

Stephanie Rosenthal
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Modeling Expert Data Scientist Behavior

# of removed features > 4 , # of correlated features > 2

1. Feature Selection 2. Feature Engineering

Model
traini
ng

Model

FS > traini

ng

3. Feature Selection

Model Binning, time > 30

FS traini
ng
# of removed features < 4, # of correlated features < 2
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Code Translation

df3 = df2[['WindGustSpeed', "Rainfzall’, 'Pressure3pm’, 'target’]]
¥_train, X_test, y_train, y_test = data_split_train_and_test(df3,8.3)

columns_to scale = ["WindGustSpeed', 'Rainfall’, 'Pressure3pm’]
¥_train, X_test = feature_scaling(¥_train, X_test,columns_to_scale, 'MinMaxScaler')

classifier = train_model('RandomForest',X train,y train, {'n_estimators':38@, 'min_samples leaf':20})
eval get cm{classifier, X_test, y_test)

df3 = df2[['WindGustSpeed', 'Rainfall’', 'Pressuredpm', 'target']] Feature selection

df2.dtypes describe_dataframe
df3 = FE_divide_numeric_feature_to_ranges(df3, 'WindGustSpeed',18) P ERE
¥_train, ¥ _test, y_train, v_test = data_split train_and_test{df3,8.3) s
classifier = train_model('RandomForest' ,X_train,y_train, {'n_estimators':3@8, 'min_samples_leaf':28}) train
eval_get cm(classifier, X_test, v_test) eval
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From Code to Probabilities of Taking an Action

Transition Probabilities All

feature_scalingStandardScaler -

train -l . = o i
feature_scalingMinMaxScaler - L] Transition Probability
describe dataframe -
- FE_binning -
Ne] Visualization_corr = 0.75
= : ¢ e ;
(3] evaluation_visualization -
<< hyperparameter_tuning =
7 import - 0.50
= eval - | B =
e splitting - = = 0.25
visualize - =
FE_encoding = .
feature_sel - (D I 0.00
print = i) T =
L] 1 ' . ' L] 1 ' L] . L L] 1 ' .
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Second Action
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From Code to Probabilities of Taking an Action

Log Likelihood for each task

Telecom

P1 P2 P3 P4 SUM P1 P2 P3 P4 SUM P1 P2 P3 P4 SUM SsumMm
Model
with -4.97 -0.75 -1.6 -0.2 -7.52 0 -0.53 0 -0.17 -0.7 0 -0.2 -0.91 -2.31 -3.42 -11.64
triggers
Markov
Model -6.34 -4.27 -248 -2.19 -15.28 -1.23 -0.53 -0.53 -2.07 -4.36 -1.23 -2.19 -2.14 -7.14 -12.7 -32.42
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Other Work...

Anind Dey

Jullan Ramos
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