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Motivation for Our Project

e Wanted to explore the combination of ML and verifying CPS

e Didn't have necessary background to dive deeper into research grade topics

e Scaled back to a simplified model and system




Widespread Adoption Self Driving Technology
could have Enormous Impact

e $800 Billion dollar impact in US alone’
e 35k deaths on US roads per year
e Could revolutionize transportation, shipping industries

1: https://avworkforce.secureenergy.org/



But Fears about Safety Can Hold Back Adoption

e Safety critical
e Boost public opinion
e 50 percent of Americans somewhat or very worried?
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2: https://www.pewresearch.org/internet/2017/10/04/americans-attitudes-toward-driverless-vehicles/



Our Approach



We Proved the Safety of a Specific AV Prediction
Task with Assumptions about Uncertainty

e Created simple model of pedestrian

e Learned ML prediction model with uncertainty estimate

e Proved safety given assumptions on uncertainty




Modeling the System

e 2D plane with straight line motion

e Car and Pedestrian represented by
squares

e Car makes decision to brake or not
based on estimated crossing time and ar
uncertainty

Pedestrian | pedPosY)




Modeling the Pedestrian

e Considered “important characteristics”
o Distance From Curb

Speed
Direction
Red Shirt

o O O

e Generated a label using a function we
wrote




Label Generator Function

time_to_cross(stopwalk_dist, direction, speed, red_clothes):

scale = 1

speed == 0:
speed = 0.1
time_to_cross = scale * stopwalk_dist / speed

direction ==
time_to_cross
direction ==
time_to_cross

red_clothes:
time_to_cross /= 1.5

1 time_to_cross




Learning a Model of The Pedestrian and
Estimating Prediction Uncertainty

e Trained Neural Network on the data generated from the label
generation function

e Attempted two methods for uncertainty estimation

o Ensemble of randomly initialized networks
o Dropout at runtime to get Monte Carlo samples




Network Architectures

e Experimented with different architectures a little bit

e Settled on ones that trained reasonably quickly and didn't overfit

Linear(7,50), ReLU, Linear(50,1)

Linear(7,50), ReLU, Dropout(p=.05), Linear(50, 1)
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Experimental Results
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Networks learned the Function, but Uncertainty
Estimates were Poor for Dropout Method

e Were able to learn function with low Mean Squared Error
o ~0.03 for ensemble method on test set (Appendix )
e Dropout method was inconsistent

e Ensemble produced accurate uncertainty estimates (Appendix |




General Takeaways

e Was difficult to come up with a project idea that
blended ML / CPS with realistic complexity

e Building out infrastructure from scratch was a
challenge

e Doing something new (for class projects) is hard




Questions?

We Proved the Safety under Assumptions of a
Specific Autonomous Vehicle Prediction Task in
a Simplified Model of the Environment

e Created simple model of pedestrian
e Learned ML prediction model with uncertainty estimate

e Proved safety given assumptions on uncertainty

Modeling the Pedestrian

e Considered “important characteristics”
o Distance From Curb
o Speed
o Direction
o Red Shirt

e Generated a label using a function we
wrote

Networks learned the Function, but Uncertainty
Estimates were Poor for Dropout Method

e Were able to learn function with low Mean Squared Error
o ~0.03 for ensemble method on test set (Appendix I)
e Dropout method was inconsistent

e Ensemble produced accurate uncertainty estimates (Appendix Il
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Appendix | - Experimental Results

Avg. Ensemble Std. Dev. | 0.149
Ensemble MSE 0.030
Avg. Dropout Std. Dev. | 2.442
Dropout MSE 0.253




Appendix Il - Standard Deviation Statistics

Std. Dev. | Ensemble | Dropout
93.20% 63.53%
99.53% 82.47%
99.93% 86.00%
99.93% 86.60%
100% 86.80%

Y = W DN =




gen_data(num_samples, seed=None, print_sample=Fa ):

L Appendix Il - Data
Generation

label = ["time_to_cross"]

cols = features + label
seed:
gen = default_rng(seed)

e LS

Function

gen = default_rng()

max_dist = 3
max_speed = 2
prob_red = .2
shape = (num_samples, 1)

num_dirs = 4
directions = gen.integers(0, num_dirs, num_samples)
directions_onehot = get_one_hot(directions, num_dirs)

distances = gen.beta(2, 2, shape) * max_dist
speeds = gen.beta(2, 2, shape) * max_speed

red = gen.random(shape) >= (1 - prob_red)
labels = np.empty(shape)

for 1 in range(num_samples):
labels[i] = (time_to_cross(distances[i], directions[i], speeds[i], red[1]))

labels = labels.astype(np.single)
samples = np.concatenate((distances, directions_onehot, speeds, red), axis=1).astype(np.single)



Appendix IV - Sample Data
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Appendix V - KeYmara Model

(canPassSafely(carVel) | canStop(-B, carVel)) &

Full Model
Available on

validStartingPosition(carPosX, pedPosY))

/*assign a random accleration and check if it is in correct bounds
and is safe*/
{{carAcc := *; ?(canStop(carAcc, carVel) & carAcc < @ & carAcc >= -B);}

++ {carAcc := 0; ?(canPassSafely(carVel));}}

{carPosX' = carVel, carVel' = carAcc,
pedPosY' = pedVel, t' = 1 & carVel >= 0}

]
didntCrash(carPosX, pedPosY)



https://github.com/michael-obroin/424-project/blob/main/models/Final%20Project%20Stopsign%202d%20with%20buffer%20Proof.kyx

Appendix MMXX - Our use of ML




