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The “Element of Surprise” in HRI

* Intent-ambiguous scenarios
Multiple highly distinct possible outcomes

Generative modeling of
interaction dynamics

* Dynamically evolving scenarios
Variable number of agents coming into and out of relevance

* Scenarios where these predictive models fail? Deterministic
Humans that consistently defy a robot’s expectations safety controller
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Probabilistic Agent Modeling

We consider generative models of human action distributions conditioned on
* Joint interaction history of all agents in the scene
e Candidate robot future action sequence

xgH) = fH(atg),ug)) (human) 't = (a:g),mg)) (joint state)
x(RtH) = fR(a:g),ug)) (robot) ult) = (ug),ug)) (joint control)
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Probabilistic Agent Modeling

We consider generative models of human action distributions conditioned on
* Joint interaction history of all agents in the scene
e Candidate robot future action sequence
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For robot planning purposes we want models that are:
e (Capable of capturing the full breadth of future outcomes (i.e., not regression)
* Amenable to computationally efficient sampling

* Flexible with respect to evolving multi-agent scenarios yet scalable to tens of
possibly relevant agents =2 we seek a modular model architecture



Multi-Agent Trajectory Prediction

Take the following highway scene as an
example:




Multi-Agent Trajectory Prediction

Take the following highway scene as an
example:

Entities in the scene are represented as
nodes in a spatiotemporal graph.

Their interactions are encoded as edges
(formed according to spatial proximity).




Multi-Agent Trajectory Prediction

Now we can focus on modeling the
resulting spatiotemporal graph.



Multi-Agent Trajectory Prediction

¥y (x3) W, (x2)
W3 (x1,x3) Wy (x1,x2) !
P(x;|%3, %, R) o ﬂqli(...)
W5 (x1) (=1

Our approach is inspired™ by
Conditional Random Fields (CRFs)

* Exact inference/sampling on CRFs can be very expensive
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Multi-Human Modeling with Spatiotemporal Graphs

Conditional Variational Autoencoder (CVAE)
e We introduce a discrete latent variable z

p(ylx) = Zp y|x, 2)p(z[x)
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Multi-Human Modeling with Spatiotemporal Graphs
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Multi-Human Modeling with Spatiotemporal Graphs

Conditional Variational Autoencoder (CVAE) Legend
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Multi-Human Modeling with Spatiotemporal Graphs

What if the scene structure changes?
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40
8 -
35
6 - : S
S 30 oo
A 2
g ¢ £ 25 o o
= 3
2 - = 30
Q
04 8] O o
=2 10 A
6 110 2I0 3'0 4l0 5I0 6'0 7'0

-75 =50 =25 0.0 2.5 5.0 7.5 10.0 125 Longitudinal Court Position (ft)



(lvanovic and Pavone, under review)

Dynamic Spatiotemporal Graphs

How do you model edges/nodes being added/removed from your graph?
1. Adding/removing edge/node models is critical for computational efficiency

2.  We therefore modulate edge/node strengths to smoothly “interpolate” between
graph changes

EE EE .
x(-2) (-1 L ® T .

s ‘ & B Extra scalar multiplication
and learned attention layer
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The “Trajectron”
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The “Trajectron”

Edges are now
fully dynamic.
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(lvanovic and Pavone, under review)
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Results
—— Social GAN
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8 steps of history (3.2s), 12 steps of prediction (4.8s)

(lIvanovic and Pavone, under review)

More concentrated predictions compared to
the previous state of the art (Gupta et al. 2018).

Can choose between accuracy (7;..+) and
coverage of potential futures (Full).

Zpest — aAlI'g mZaX po(z|x),y ~ pl/)(y | X, Zpest)
z~pg(z|x),y ~py(ylx z)



Negative Log-Likelihood

Results — Negative Log-Likelihood

For comparability we use kernel density estimation (KDE)
to construct pdfs from sets of sampled trajectories

(lvanovic and Pavone, under review)
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Results — Average Displacement Error

(lIvanovic and Pavone, under review)

Zheor 1S NOW better than Full.
(unimodal regression)

- == Linear — = Vanilla LSTM Social LSTM  =eeee Social Attention

1 Social GAN 1 Our Method (Full) 1 Our Method (zpest)

—~ 4 -

E

S

3 T

I=

(O]

-

v - —_—

© 2 A -

@ [|®

D s e —— -—

> - & -L-I-_ l

5 Bla| | Fe % s Bl

E; %, K XakXab PSR L 834 83 ?53_8_
0 lIT T | T T ]I |]1ITT

ETH - Univ ETH - Hotel UCY - Univ UCY - Zaral UCY - Zara?2 Average

26



y Position {m)

The Trajectron

(lIvanovic and Pavone, under review)
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Ongoing/Future Work

* Spatiotemporal graph-based modeling

* Here, we're only using the graph att < T to make a prediction aboutt > T

Modeling future graph evolution = enable truly long term motion prediction
* Moving beyond purely dynamic-state-based representations

* Model-based planning
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Model-Based Planning
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Replanning is too slow
to ensure safety

Probabilistic model
may “get it wrong”,
especially with low-
likelihood events



(Leung*, Schmerling*, et al. 2018)

Hamilton-Jacobi Reachability Analysis

"If | want to avoid this set of states in the future, what is the set | should avoid now?”

Backward Reachable Set

Relative coordinates
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Hamilton-Jacobi Reachability Analysis

"If | want to avoid this set of states in the future, what is the set | should avoid now?”

Backward Reachable Set

Relative coordinates

Forward Reachable Set

=

Global coordinates
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Hamilton-Jacobi Reachability Analysis

"If | want to avoid this set of states in the future, what is the set | should avoid now?”

Backward Reachable Set

Relative coordinates —

Forw e Set

Global
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Our Contribution

How to integrate safety assurance within a

performance-centric planning framework?

Incorporate HJ reachability as a constraint for a
low-level MPC tracking controller

Does this guarantee safety on the road?

HJ analysis is highly dependent on model fidelity
but results are still interpretable



Relative Vehicle Dynamics
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Relative Vehicle Dynamics
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Value Function
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Value Function

* Terminal set is the zero sub-level set of a value function
* Value function varies as relative states changes

A= {z|V(z) < 0}

-5
-15 -10 -5 0 5 10 15

Value function contour plot

Uy = argmaxmin VV (xz) - f (X2, ug, urr)
Upr Ug
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Value Function Contour Plots

Parallel, equal speeds
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MPC Tracking Controller
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* 100Hz




. (Leung*, Schmerling*, et al. 2018)
MPC Tracking Controller

 Quadratic program
 Centimeter accuracy
* 100Hz

.
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MPC Tracking Controller

* Quadratic program
* Centimeter accuracy
* 100Hz

.
minimize : . -
00,01 AB AF, ?;1 Quadratic cost: position erro, control, control
rate, slack variables
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MPC Tracking Controller

 Quadratic program
 Centimeter accuracy
* 100Hz

.
minimize : . s
00,6, Crar A S AF, gl Quadratic cost: position err.or, control, control
rate, slack variables

subject to : .. : e e
Constraints: Continuity, saturation, positivity in slack

variables, stability and environmental envelope, linearized

dynamics, initial conditions

fOI‘jZl,...,TH_”, k=1,...,T
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MPC Tracking Controller

 Quadratic program
 Centimeter accuracy
* 100Hz

.
minimize : . s
00,6, Crar A S AF, Lg.l Quadratic cost: position err.or, control, control
rate, slack variables

subject to : .. : e e
Constraints: Continuity, saturation, positivity in slack

variables, stability and environmental envelope, linearized
dynamics, initial conditions

Reachability constraint
fOl‘jZl,...,THﬂ, k=1,...,T




Probabilistic Model-based Planning

Schmerling, Leung, et al, ICRA 2018
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Probabilistic Model-based Planning with Safety Assurance

Schmerling, Leung, et al, ICRA 2018
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(Leung*, Schmerling*, et al. 2018)
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Experimental Platform (X1)
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Experimental Results
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Experimental Results

.

HJI switching

[




Experimental Results

Tracking Controller Comparison (MPC+H]JI controller trial)

B Robot car [JHuman car

40 50 60 70

(Leung*, Schmerling*, et al. 2018)
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Value Function vs. Time
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Experimental Insights

* Unmodeled steering angle slew rate causes us to .5l Value Function vs. Time
dip into danger 1ol
. : " 05
* Negative value function represents worst-case = ool
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* Interpretability of value function is key for more ,|| Value Function ys. Time
realistic scenarios (barriers, multiple other agents)
N
* Ongoing experimental work: incorporating static = ol
obstacles as MPC constraints -
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