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—Correcting learned robot policies with human feedback—
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Do learned policies really do what we want?

(  &goal)

» Deployment environments differ
from simulation

P Policies might not be perceived
as safe

» Policies may fail due to
environmental changes

greedy perceived overly
policy as safe conservative

How can we leverage human feedback to correct policies during/after training?
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Learning outcomes

By the end of this session, you will be able to
1. explain and define human-in-the-loop reinforcement learning;
2. understand how to leverage human feedback;
3. explain basic algorithms and ideas for human-in-the-loop reinforcement learning;
4. understand the challenges of using human feedback;
5. formulate human-in-the-loop setups for different RL applications;
6. apply shielding with human feedback to various problems;

7. analyse and evaluate how you can leverage human feedback in your RL applications.
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Human-in-the-loop policy corrections

» More on human-in-the-loop learning [Akalin and Loutfi, 2021]:

» Learning from demonstrations

» Interactive reinforcement learning
> Preference learning

> ...

» Today we focus on correcting policies before and after training:

> Marta, D., Pek, C., Tumova, J., and Leite, |. Human-feedback shield synthesis for perceived
safety in deep reinforcement learning. IEEE Robotics and Automation Letters, 7(1):406—413,
2021.

» Van Waveren, S., Pek, C., Tumova, J., and Leite, I. Correct me if I'm wrong: Using
non-experts to repair reinforcement learning policies. In Proc. of the ACM/IEEE Conf. on
Human-Robot Interacton, pages 493-501, 2022.
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Shielding to constrain reinforcement learning

action

Does action lead to
desired outcome?

information

allowed
action

environment

» Robots learn through interactions with their environment
» Actions may lead to undesired outcomes

» Shields constrain learning
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Correcting learned robot policies with human feedback

examples  human adjust
feedback constraints

» Idea: humans can provide
additional knowledge

» Query humans for feedback on

. synthesize
policy shields
» Constrain learning based on
human feedback 8 5 o
+~ D)
= = .9
» Minimize number of queries, Z 2 €
. . [ TS [av}
expressive queries/feedback =

environment

6/32



Human-feedback shield synthesis

» Parameterize shields: shield(6)
» Inner loop trains policy
» Outer loop updates 6

» Repeat until convergence of 6

synthesize new shields

inner loop
{ - state \
HHT reward
) ]
S
§ environment
d
< state
—
safe actions
shields /
outer loop
4 N

shield parameter

\__distribution user

o
feedback
—

examples )

trained policies
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Shield and feedback distributions

» Model shield parameter with distribution f;

» Model human parameter guess with distribution fj

» Feedback samples, e.g., g; € H = {very unsafe, ... fine,...

> Advantage: higher robustness against uncertain feedback

) o] feedback
} I@I ce ac}

shield parameter examples
distribution

, very safe}

very unsafe

very safe

feedback
samples
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Updating human distribution through emperical data

» Mapping of human feedback to machine interpretable data:

h — % if g; = very unsafe,
map(g;) = it if gj = fine,
\ Un+ @ if g; = very safe.

» Update distribution f; with new mean “pup and variance “’0}%:

1 Nuser
Yy = W E map(g;)
user :1
J
NLlSCI'

uai = maX< 1 Z (map(gj) - (u:u}%))vo-fnin

user ]: 1

)
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Updating shield distribution through Bayesian inference

> Update fs through Bayesian inference from human distribution f
> Set G of samples from human distribution
» Likelihood of true parameter distribution:

|G
g’”? HP x]|/‘1/7 .CE]' €g

» Bayesian update of f; through posterior:

po(f10|G, 53) o< p(Glu, o) pa 1t pa, 03)
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Updating shield distribution through Bayesian inference

» Closed form solution for Gaussian
distributions:

63 =
N ~2
Ho = Tg

where n = |G| and T is the mean of the
samples in G.

» Train until KL-divergence sufficiently small
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Example: safe Lunar Landing

> Safety is not overusing main engine, i.e., right
agent engine
usage > 85% ‘1 ‘j

. .. . . goal region
» Shield limits main engine use:

€[-0,0),0 € [0,1]

T l r \_ main

engine

» Simulated humans

12/32



Example: safe Lunar Landing

> Parameter convergences to optimal parameter

» Using human knowledge and shielding improves learning

1.0 1 4
200 0 I shicld synthesis 20007 m shield synthesis
I 10 shield
= 100 A = 7 1500 | MMM optimal shield
& Z 094
g 01 g g
s o £ 1000
& 3 G
£ 1001 £ 084 3
5 I shield synthesis * 2 5004
—200 4 EE 10 shield
B optimal shield 0.7
—300 1 —— ; — : . . . ; 01 . S— , ,
0 1000 2000, (?000 4000 5000 0 50 100 150 200 0 1000 2000, 3000 4000 5000
episodes episodes episodes
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Example: safe Lunar Landing

50 Il 0% randomness
I 10% randomness
40 A
. . . Il 30% randomness
» Increasing uncertainty in human feedback 50% rand ‘
30 - 0 randomness
=3 ‘
P> Parameter still convergences = 90
» Convergence requires more episodes 10 1
0 UL_\__ b
T T T T
0 100 gpisodes 200 300
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Example: safe social navigation

obstacles

» Reach goal while not running into humans

» Shield constrains minimum distance to
humans

» Parameter 8 defines minimum distance
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Correcting learned robot policies with human feedback

examples  human adjust
feedback constraints

» Idea: humans can provide
additional knowledge

synthesize
shields
» Query humans for feedback on
policy
. . g o
» Constrain learning based on k= S g
human feedback £ % £
S =5 8
=

environment
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Deploying policies in real environments

> Policies may fail in the deployment environment due to environmental changes

» Can we leverage human feedback to correct policies even after deployment?

| cutboard

| failed to fetch
a tomato slice

| failed to proceed
to the delivery

missing item undesired outcome
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Correcting failures with human feedback and shielding

» lIdea: robot queries for help when encountering a failure

feedback to correct failure

the failure

‘ W @ shield to

\—/w

Non-expert Formal synthesis
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Correcting failures with human feedback and shielding

» High-level decision making tasks

> Common daily tasks

» Interpretable actions A and states S

> Non-experts can provide feedback

=

| can pick, place,
move, and chop
items

high level actions in
common daily tasks
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Failure queries

» Robot needs to send meaningful queries

» Failure trace and environment overview

I executed the following actions
until the failure:

1) Fetching sliced bread

2) Fetching ketchup

3) Fetching salad slice

4) Fetching chopped onions

I failed to complete my task. I tried
to fetch a chopped onion, but failed.

What could I do to avoid this failure
and complete the task in the future? {r—

®® |
=
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Failure correction shield synthesis

Training the reinforcement
learning system

~

shielded
action

Y

training environment

state
¢ reward

. Use non-experts to correct
failure after deployment

-

"If there is no chopped onion,
fetch an onion and chop it"

failure environment

human
N

feedback

Generate shield to correct
the failure

( A
¢shicl(l
RIET=F N
O‘/al ay az ag ay
action alternative  forbidden
refinement item action
\ J

retrain with shield to correct failure
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Action refinement

» State transition 0(s¢,a) = S¢11

» Desired states Sqesired Without failure

» Feedback c(s,a) for alternative action
» Refine action when undesired outcome

a, if 6(37 a) € 'Sdesired

fines(a) =
refine;(a) {c(s,a), if 6(s,a) & Sdesired

.

shield

O\ag
alé O
O/a1
action
refinement

Q
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Alternative item

» Action a<P~ manipulates item p

» Original item po not available shield

> Non-expert suggests alternative pa ? ?

» Shield changes action parameter 5
=
a<Po>  if po in Env =
alt(a™ro”) = <pa> - . alternative
a , if po not in Env item
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Forbidden actions

P Action may not be desired any more
» Feedback labels forbidden actions
» Desired states Sqesirea Without failure
» Shield removes forbidden actions

Aallowed(s) = {CL cA ‘ 5(57 a) c Sdesired}

shield

o

REN

aj az as aq
forbidden

@

action

J
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Example: kitchen environment

» Overcooked-Al based environment
[Wang et al., 2020]

> Agent is tasked to prepare/deliver certain
dishes

» Grid environment

» Actions such as turn, fetch, chop, and
deliver an item
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Example: making a salad

» Failure: chopped tomatoes are not available any more
> Non-expert suggests to chop tomatoes in such cases

» Action refinement

1

lettuce
slice

v
‘ >

7

slice
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Example: making a salad

» Shielding always corrects failure average
episode

i~ converged

> Faster convergence

i = shielded
i — without
i — incorrect

average total reward

» Check feedback quality

0 20 40 60 80 100
episodes
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Example: deliver coffee

P Failure: environment contains carpets and agent gets stuck
> Non-expert suggests to never move to carpets

» Forbidden actions

29 /32



Example: deliver coffee

» Shielding always corrects failure
> Without shield never successful
» Requires reward engineering to solve task

» Incorrect feedback might result in
non-generalizable solutions
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Conclusions

How can we leverage human feedback to correct policies during/after training?

» Human feedback can provide additional knowledge

v

Different ways to integrate humans into learning

v

Speed up learning, improving acceptability, and correcting policies
» Consider number and type of queries, type of feedback
» Update parameters of shields during learning

» Automatic and verifiable failure correction after deployment
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