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Introduction:
The Causal Revolution



The Causal Revolution

What if we had a formal and systematic way of deriving answers to causal questions in the driving domain?

> Causal modeling provides a formalism to answer questions on all levels of the ladder of causation

Level Example query
3. Counterfactual What would have happened if the vehicle’s )
(imagining) longitudinal acceleration had been
1 m/s? higher than it was?
Structural
2. Intervention What will happen if the driver applies a causal models
(doing) particular sequence of actions moving
forward?
J
1. Association What is the most likely sequence of actions A o
(seeing / observing) and states given we observed a particular . Statistical
trajectory? models
J

Pearl, Mackenzie. The book of why: the new science of cause and effect. Basic books, 2018.
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A Causal Model for
Vehicle Trajectories



Causal Knowledge about Vehicle Trajectories

Prior knowledge about vehicle trajectories:
« High-level variables (vehicle positions, vehicle velocities, driver actions, etc.)
« Temporal causal relationships of the high-level variables

« Physical constraints on vehicle movement:

« Constraints on movement between time-steps
* Coupling between longitudinal and lateral movement
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A Structural Causal Model (SCM) for Vehicle Trajectories

7777777777777777777777777

Variables (nodes) in our Vehicle-SCM:

* s.: Vehicle states (positions and velocities)
* o,: Possibly noisy or missing observations of states
* a,: Accelerations due to the driver’s actions

_______________________

Generative model: p(s,.7, a;.7,01.7)

* o ~plo; | s¢)

M(§2! @2), E§3

. Simplified vehicle
ag ~ p(at | 0t) / dynamics model

* St ~p(Ses1 | Seyar) = M(s,ap) + €s;

Guide (variational posterior): g(a,.7,S;.rlo1.7) = p(Si.7)A1.7|01.7)

© Ay ~q(@ |8, 007) ‘x
* Sev1 ~ qGs1 | 8, Ar, 007) Dependence

through RNN

©

1

0= (X, Yt» Vx,t» Vy,tr €1) !
St = R, Ve, Uxer Uy ) :
a, = (dx,t'a'y,t) :

1

@ : observed node |

1
O : Unobserved node :
= : Neural network :

Adapted from Agarwal, Brunner, et al. "A Causal Model for Physics-Conform Vehicle Trajectories.” 2023 IEEE 26th International Conference on Intelligent

Transportation Systems (ITSC). IEEE, 2023.
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Deriving Answers to Associational Causal Queries

Associational query:

“What is the most likely sequence of actions and states given we observed a particular trajectory?”

0.5
—=— Input Trajectory to SCM -
. . ~ A —— R tructed by SCM S
- Answered using the Guide q(@,.7, $1.7|01.7) by 04l |
Half-a-meter back and
111 1 1 forth in 80 ms
conditioning on the observation sequence 03 N irsicalty
unreasonable!
. , _ E o2
« Applied to check the physical conformity of S Lo
= servations missing
. . a 0.1 (not perceived)
observation sequences in AP3.1 § i

0.0

-0.1

-0.2

0 5 10 15 20 25 30
X position [m]
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Deriving Answers to Counterfactual Causal Queries

Counterfactual query:

“What would have happened if the vehicle’s longitudinal acceleration had been 1 m/s? higher than it was?”

1. Abduction: use associational-level query for

407
o ) —e— Counterfactual trajectory samples
deriving state and action sequences that — 40| —— Original trajectory samples
. . . . S|
explain the observed trajectory using guide =
A~ o4 S 20}
q(al:T: Sl:Tlol:T) g
o
>\10-
2. Intervention in counterfactual model: ol
modify the action sequence and apply . . ol 80 100 120

X position (m)
interventional query with modified actions

using the generative model

p(sy.r, a1, 01.7|do(Gy.7))
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Integration of a Priori
Knowledge into Machine
Learning Algorithms




Integration of a Priori Knowledge into Machine Learning

* Question:
> Can we integrate causal knowledge into Machine Learning using causal queries?

» Benefits:
* Improve robustness on scenarios that are plausible but scarce in the training data distribution
* Improve data efficiency by making use of causal reasoning instead of vast data collection

« Steps towards causal explainability of Al decisions
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Training of the Baseline Reinforcement Learning Agent

* Training of a model-based reinforcement learner:

Dreamer v2 [1, 2]

« Trained the agent to overtake a slower exo-vehicle
on a multi-lane road using 1M environment

interactions in Carla

« Agent is only trained on a limited set of training

scenarios

[1] Hafner, Danijar, et al. "Dream to control: Learning behaviors by latent
imagination.” arXiv preprint arXiv:1912.01603 (2019).

[2] Hafner, Danijar, et al. "Mastering atari with discrete world models." arXiv
preprint arXiv:2010.02193 (2020).
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Robustness of the Baseline Reinforcement Learning Agent

Checking the robustness of the baseline agent on

scenarios with altered exo-vehicle behavior

Scenario variations:

* Exo-vehicle initializes sudden, immediate
emergency braking

« Exo-vehicle increases velocity while ego-
vehicle is overtaking

» Exo-vehicle overlooks ego-vehicle and cuts into

the lane
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Robustness of the Baseline Reinforcement Learning Agent

Checking the robustness of the baseline agent on

1.0 1.0

=
T

scenarios with altered exo-vehicle behavior

0.8 r

Scenario variations: 06 I

« Exo-vehicle initializes sudden, immediate s |
emergency braking

0.2

o , . (0.09 + 0.06)
* Exo-vehicle increases velocity while ego-

Overtaking success rate (1/100%)

(0.02 + 0.02)

o

vehicle is overtaking

Training Emergency braking  Speeding up Lane cutting

» Exo-vehicle overlooks ego-vehicle and cuts into Scenario variations

the lane

Kl Wissen Final Event | A Causal Model of Vehicle Trajectories for Integration of a Priori Knowledge 13



Integration of Knowledge into Reinforcement Learning

Outline of a model-based reinforcement learning algorithm with knowledge integration:

1. Generate samples (run the policy)
2. Train/fit a model (estimate the return)

3. Augment samples using causal queries

Train world

Improve policy

4. Improve the policy
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Collect initial Augment
. . Generate on-
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. . policy samples
random policy causal queries
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Integration of Knowledge into Reinforcement Learning

Collect initjal Augment samples
samples using using causal queries
randompolicy | = | oo

Example: Answer to counterfactual query

20 40 60 80 100 120
X position (m)

1 1
1 1
1 1
1 1
.40 . :
1 —e— Counterfactual trajectory samples )
>4 :,\30 —4— Original trajectory samples :
£ |
. ! C 1
Train world model ¢ .S 20 <
i § |
: >‘10 D :
1 cID y 1
. ’ -
: | Causal inference
1 1

A 4

Improve policy
in imagination

Causal query
v

What would have
Generate on- happened if the

policy samples "| vehicle’s longitudinal |
acceleration had !

been 1 m/s? higher :

than it was? ' Observation

y

M: Vehicle dynamics model . : Observed node

mm : Neural Network O : Unobserved node
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Robustness of the RL Agent with Knowledge Integration

Evaluation of the overtaking maneuver success rate

without collision over 1000 episodes:

- Baseline: agent trained on training scenarios

* Knowledge integrated: using causal queries

Kl Wissen Final Event | A Causal Model of Vehicle Trajectories for Integration of a Priori Knowledge 16



Robustness of the RL Agent with Knowledge Integration

Evaluation of the overtaking maneuver success rate W Baseline W Knowledge integrated

without collision over 1000 episodes:

1.00 (0.99 +0.01)

_
I

(0.90 + 0.02)

o
(0]
T

- Baseline: agent trained on training scenarios

* Knowledge integrated: using causal queries

o
o
[

o
N
I

(0.08 £0.02)

Maneuver success rate (1/100%)
o
(@)}

Training scenarios Speeding up
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Conclusion




Integration of a Priori Knowledge Using a Causal Model of
Vehicle Trajectories

* Goal:
Improve robustness and data efficiency of Collect initial Augment samples
samples usi_ng using causal queries
ML-based functions using causal reasoning RISy T Cxampio: nowor o coumerracum query 1
® COﬂCE‘DtZ Train world model |¢ ézo
Application of causal queries to augment Coveal inference
training data mprovepolicy | |
n |mag|nat|on
* Result: !
Generate on- M;ﬁeﬁiﬁ?ﬁ: )
Data augmentation using causal queries policy samples | vehile' ongiucina
. . . been.‘lm/s2 higher : .
can significantly improve robustness of ML than it was? T e veide ymamicsmodel @ : Observed e |
! mm : Neural Network (O : Unobserved node E

______________________________________________________

decisions in plausible scenarios outside the

training distribution
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