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Step: 1/1000

Safety Specification:

e Stayinside road
* Don’tcollide
e Stay within velocity limits

Be as robust as possible to the
other cars’ velocities
(parameters)
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B Unsafe Bl Safe

Step: 1/1000

0.8 -

0.7 -

0.6 -

0.5 -

0.4 -

This is unsafe under PPO, but it is feasible
0.3 - (this could be made safe)

Car 2 (Outer) Ang. Vel.

0.2 -

01 '|- | 1 1 1 1 I 1
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Car 1 (Inner) Ang. Vel.




How do we train a policy that is more robust
against environment parameters?



Adversarial RL helps but has flaws “OreaLm
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Adversarial RL helps but has flaws
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Infeasible parameters will
never be safe

Performance keeps worsening
for all other parameters!



5> Howto use adversarial RL in situations when
Y there are (unknown) infeasible parameters?

Restrict the adversary to the (estimated) set of
< feasible parameters



Formal Problem Definition Oreaim

/ Find the l t set
max (6] e T
@/g@ orp

s.t. Iy € M, V0 € O,
T{initial state so(f) is safe under mg} > 0

... such that there exists a policy that makes every parameter safe @

TG ,SOK Terminate on unsafe state

® = W%g}f\/l grell@n, E : H{Sk 15 safe} >0, This is a minimax
k=0

RL problem
s.t. sg = sg(h),

Sk+1 = fo(Sk, To(Sk))
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Building up our method “Oreaim

1. How do we solve for a robust policy, assuming we
know the feasible set (of parameters)?

2. How do we (conservatively) estimate the feasible set?

3. How do we improve our feasible set estimate?
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Building up our method

(

\
1. How do we solve for a robust policy, assuming we

know the feasible set (of parameters)?

Saddle-point finding using techniques from online Iearning)

K)REALM
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Saddle-point finding Oream
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Saddle-point finding
@ Protagonist (FTRL)

~—— Consider all
“Trust-region” regularization t previous 0;

Ti41 ‘= arg max [—wt(ﬂ)]+ Z J(m,0;)
§ =1
= J, (1)
9t+1( ) Tt+1
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Ht_|_1 — arg min J(7Tt_|_1, (9)
0cO*
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FGE 1, step 1
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Saddle-point finding e Stepz'REALM

@ Protagonist (FTRL)
“Trust-region” regularization (4 CporZ\S/:SSrsan: 0.0 - 3 J( 01 —+ 92 )
Te4] -= argmax [—wt (7T)]—I— Z J(7T, 9@) 05 ) o
U =il J2(7)
::jt (7_‘_) -1.0 -0.5 O’.TO 0.5 1.0
_ FGE O, step 1
9t+1( ) Tt4+1 - J (72, 0)
W Adversa ry (Best-Response)
Ht_|_1 = arg min J(7Tt_|_1,(9) o 03
DcO* I s 00 o5 1o
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Saddle-point finding
@ Protagonist (FTRL)

~—— Consider all
“Trust-region” regularization previous 0;

Ti41 ‘= arg max [—wt(ﬂ)]+ Z J(m,0;)
§ =1
= J, (1)
9t+1( ) Tt+1

W Adversa ry (Best-Response)

Ht_|_1 — arg min J(7Tt_|_1, (9)
0cO*
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K)REALM

FGE mr1, step 2
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J(m, AT 22
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Saddle-point finding _— Step3'REALM

1.0 A
@ Protagonist (FTRL)
~—— Consider all
“Trust-region” regularization previous 0; 0.0 )
T4y ‘= arg max [—wt(ﬂ)]+ Z J(m,0;) o
" i=1
-1.0 1 / . . .
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=J¢ () T
FGE 9, step 2
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Saddle-point finding _— Step3'REALM

@ Protagonist (FTRL)
“Trust-region” regularization Cporz\s/:gljrsael: 0.0 )

T4y ‘= arg max [—wt(ﬂ)]+ Z J(m,0;) o

" =1
::jt (7_‘_) -1.0 -0.5 O’.TO 0.5 1.0

_ FGE 9, step 3
9t+1( ) Tt+1 |
g | J(ﬂ'g, 8)
Adversary (Best-Response) /
Lo | 04
Ht_|_1 — arg min J(7Tt_|_1, (9)

0cO* P e
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Saddle-point finding o Step4'REALM

& Protagonist (FTRL)
“Trust-region” regularization (¢ Cporz\s/:gljrsael: 0.0 4
T4y ‘= arg max [—wt(ﬂ)]+ Z J(m,0;) o
g =1 |

::jt (7_‘_) -1.0 -0.5 O’.TO 0.5 1.0

_ FGE 6, step 4
9t+1( ) Tt+1 |
W Adversa ry (Best-Response) 0.0 10—

Ht_|_1 — arg min J(7Tt_|_1,(9) o

0cO* P e
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Saddle-point finding e stepS'REALM

& Protagonist (FTRL)
“Trust-region” regularization (¢ Cporz\s/:gljrsael: 0.0 4
T4y ‘= arg max [—wt(ﬂ)]+ Z J(m,0;) o
g =1 |

::jt (7_‘_) -1.0 -0.5 OI.TO 0.5 1.0

_ FGE O, step 5
9t+1( ) Tt+1 |

W Adversa ry (Best-Response) 001~ —
Ht_|_1 — arg min J(7Tt_|_1,(9) o

0cO* P e
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Saddle-point finding o Step6'REALM

& Protagonist (FTRL)
“Trust-region” regularization (¢ Cporz\slggjrsaelil 0.0 4
T4y ‘= arg max [—wt(ﬂ)]+ Z J(m,0;) o
g =1 |

::jt (7_‘_) -1.0 -0.5 OI.TO 0.5 1.0

_ FGE O, step 6
9t+1( ) Tt+1 |

W Adversa ry (Best-Response) o0 T—u
Ht_|_1 — arg min J(7Tt_|_1,(9) o

0cO* P e
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Saddle-point finding
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REALM
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Saddle-point finding ‘ Implementation

& Protagonist (FTRL)

t
Tey1 = argmax —(m) + Z J(m,0
i=1

T

i)

Ti41 = Tt + M Var

=J, (1)

v

%ZJ(?T,@Z)

1=1

=T+ M Var

{'QNDQ,t [J(ﬂ-v 9)] ,

Dg.; = Uniform({6;}:_;)

K)REALM
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Saddle-point finding

Implementation

Robust RL

On-Policy RL

PPO

K)REALM
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Building up our method “Oreaim



Feasible Set Estimation Oreatm

1-0 true
Want to learn p( 1 0).

prob

0.5

0.0



Feasible Set Estimation

Want to learn p(

7 renders 6 =

unsafe —

1 6).

REALM
1 - O true

prob

0.5

0 is

<

(

\

0 is infeasibley g g
T 1S \ 6
Impossible to

distinguish between
these two cases!
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Feasible Set Estimation OreaLm

1.0 true Vv
Want to learn p( 1 6).
prob
0.5
7 renders 6 —>  fis

)
0 is infeasible
unsafe — ¢ 0.0
KRS -
Impossible to

distinguish between
We have (‘97 ), but no (‘97 unsafe) . these two cases!
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Feasible Set Estimation OreaLm

1-0 true .
Want to learn p( 1 6).
p ro b what we want
0.5
7 renders 6 — 0 1is

(6’ is infeasibley g g
K 1S 9

Impossible to

distinguish between
We have (0, ), but no (0, unsafe). these two cases!

unsafe — X

@ Cannot learn a classifier with only
positive labels!
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Feasible Set Estimation

We have (6, ), but no (0, unsafe).

@ Cannot learn a classifier with only
positive labels!

1.0

prob

0.5

0.0

true

REALM

e

what we want
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Feasible Set Estimation Oreaim

1.0

We have (6, ), but no (0, unsafe).

€ Cannot learn a classifier with only prOb
positive labels! 0.5

what we want

¢ What if we use (0, unsafe) when 7 is unsafe?
€ Poor fit if T degrades!
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Feasible Set Estimation OreaLm

1 O true cvom
We have (6, ), but no (0, unsafe). b
© Cannot learn a classifier with only p ro what we want
positive labels! 0.5

) What if we use (0, unsafe) when 7 is unsafe?
© Poor fit if T degrades!

. Solution: Weight the samples more than the unsafe samples!

Prix(safe,0) = ap®(safe | 0)pp (0) +(1 — ) p"(safe | 0)p(8)
—  — oo N— ——

a lets us control the observed 0 mixed /unsafe 0

false negative rate! 32



Feasible Set Estimation | Guarantees Oreatm

Theorem 1. Let gy~ : © — [0, 1] be the optimal variational approxi-
mation to Ppix wrt. variational parameters 1.

For a 0D , @y~ classifies 6 as with probability £
where

o Pp (0)
1—a  p(6)

p"(safe | 0) = 6 — (1 - B)

For an infeasible § € ©*C gy~ always correctly classifies 6 as unsafe.
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Feasible Set Estimation

Implementation

K)REALM
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Building up our method “Oreaim



Expanding the Feasible Set Estimation ‘OreaLm

2 Estimated feasible set size depends on the quality of the policy.

sample 6 from here to expand

To expand, need to render but
currently unsafe 0 as : 1.0

€ Which 0 are actually feasible?

prob

. Solution: Rejection sample on all of them!

) ~ p(- | predict infeasible)

36



Expanding the Feasible Set Estimation |

Implementation

-0.0

. Add 6
On-Policy RL if safe

Rollout
Labels
® " « % Safe
® ® Unsafe

Feasibility Learning

Feasible Dataset
D

——

Feasibility Classifier
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Pmix(f: 9)

%
. St
® T
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[ 2R

® ®

oxo ®

®
x.‘x‘
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3

-0.5m= Train qy (| 0) to match <_—I

K)REALM
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Putting FGE Together

REALM

[ ] - u
- u — Exploration Robust RL Feasibility Learning
p(6) =
u [ ]
Reset Distribution
s M I Y
o A
Explore Distribution shae A4 L Al ‘*‘*" On-Policy RL i/-f\(;:fz Feasible Dataset
. R *
Rejection Sample A S m ok
= | — e . — 5
using gy A A A A |
A L Thay A Mt |
A A, AN - A1 Rollout
A Explore * Rehearsal M Base I;abels o ®
Rehearsal Buff ** - x., ® safe T 0.
ehearsal Buffer % | Xz * Unsafe % o ®
Buffer of Worst-Case s 4 * K]
o .
parameters *
T =
pd’(i (1) 16) Approximate
' Best-Response Policy Classifier Pmix(, 6)
x »
== argminpl(f=1|0)  Cr—— 50 % o
|—0.5 0 €Dy © P3(i19) x-o ¥y
[ 3% *. &
qy(716) o xo ° %
-0.0 -1.0 e " % o g
® Sampled CI ¥ Approx Best-Response Feasibility Classifier x *
I- 0.5== Train gy (f | 0) to match 4_—|—.
\ Pmix (T 0)
-0.0
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Results

ToyLevels

Tasks

Dubins

HalfCheetah

FixedWing

REALM
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Results | Hopper OREALM

Domain Randomization FGE (Ours)

Reset Count
Reset Count

Reset x Position Reset x Position

Reset x Position Reset x Position
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Results | Overall Performance IREALM

Safety Rate (1) Coverage Gain vs DR (1) Coverage Loss vs DR ()

FGE | I R I
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FARR N b N Y
ACCEL L r 1 I N B I
SFL I [ I

0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 0.25 0.50 0.75
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X)REALM
Ablation Studies

(Q1) Is the explore distribution important?
(Q2) Is the rehearsal buffer important?
(Q3) Is the feasibility classifier important?
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REALM

(Q1) Is the explore distribution important?

Coverage Gain vs DR (T) Coverage Loss vs DR ({)

FGE - © 1 g0l

FGE — exploration s’ >' 0-00
0.10

FGE — rehearsal E— - E—
0.00 025 050 0.75 100 000 0.05 0.10 0.15 0.20

(A) Yes. Removing it leads to smaller feasible sets, and smaller
coverage gain vs DR.
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REALM

(Q2) Is the rehearsal buffer important?

== FGE w/0 Reh. Buf. e FGE
D 6000 |
© 4000
© m /\’

L 2000
0

1_.

Safety Rate #
o
ol

o

0 1000 2000 3000 4000 5000
Step

(A) Yes. Removing it leads to catastrophic forgetting on the feasible

set.
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(Q3) Is the feasibility classifier important?

Coverage Gain vs DR ( T)

Classifier n—— 01

NSF 4 ©

Planar 2’
0.00 025 050 0.75 1.00

(A) Yes. Using a density model as a classifier instead degrades
performance, largely due to thresholding issues.

REALM
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REALM
Summary

* We propose Feasibility Guided Exploration (FGE) to improve
safety under unknown feasibility using RL.

Domain Randomization FGE (Ours)

Reset Count
Reset Count

Reset x Position Reset x Position

Reset x Position Reset x Position
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