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Do learned policies really do what we want?

I Deployment environments di↵er
from simulation

I Policies might not be perceived

as safe

I Policies may fail due to
environmental changes
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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 di↵erent 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

I More on human-in-the-loop learning [Akalin and Loutfi, 2021]:
I Learning from demonstrations
I Interactive reinforcement learning
I Preference learning
I . . .

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

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

I 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

robot
informa

tion actionDoes action lead todesired outcome?allowedactionenvironment
I Robots learn through interactions with their environment

I Actions may lead to undesired outcomes

I Shields constrain learning
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Correcting learned robot policies with human feedback

I Idea: humans can provide
additional knowledge

I Query humans for feedback on
policy

I Constrain learning based on
human feedback

I Minimize number of queries,
expressive queries/feedback

robot
informa

tion allowed actionenvironment

adjustconstraints
synthesizeshields

humanfeedbackexamples

query
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Human-feedback shield synthesis

I Parameterize shields: shield(✓)

I Inner loop trains policy

I Outer loop updates ✓

I Repeat until convergence of ✓

outer loop trained
policies

examplesusershield parameterdistribution
feedback

agent

state
statesafe actions

action

reward

shields
environment

inner loop

synthes
izenew

shields
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Shield and feedback distributions

I Model shield parameter with distribution fs

I Model human parameter guess with distribution fh

I Feedback samples, e.g., gi 2 H = {very unsafe, . . . , fine, . . . , very safe}

I Advantage: higher robustness against uncertain feedback

shield parameterdistribution examples
feedback

feedbacksamples
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Updating human distribution through emperical data

I Mapping of human feedback to machine interpretable data:

map(gj) =

8
>>>>>><

>>>>>>:

µh �
|H|�

2 if gj = very unsafe,
...

...
µh if gj = fine,
...

...

µh +
|H|�

2 if gj = very safe.

I Update distribution fh with new mean uµh and variance u�2
h
:
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Updating shield distribution through Bayesian inference

I Update fs through Bayesian inference from human distribution fh

I Set G of samples from human distribution

I Likelihood of true parameter distribution:

p(G|µ,�2) =

|G|Y

j=1

p(xj |µ,�
2), xj 2 G

I Bayesian update of fs through posterior:

p̂✓(µ̂✓|G, �̂
2
✓) / p(G|µ,�2)p✓(µ|µ✓,�

2
✓)
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Updating shield distribution through Bayesian inference

I Closed form solution for Gaussian
distributions:

�̂2
✓ =

1
n

�
+ 1

�2
✓

,

µ̂✓ = �̂2
✓

✓
µ✓

�2
✓

+
nx̄

�2

◆
,

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

I Train until KL-divergence su�ciently small
parameter0.0 0.2 0.4 0.6 0.8 1.00.000

0.005
0.010
0.015
0.020

prior
posterior

probabi
lityden

sity
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Example: safe Lunar Landing

I Safety is not overusing main engine, i.e.,
usage > 85%

I Shield limits main engine use:
a 2 [�✓, ✓], ✓ 2 [0, 1]

I Simulated humans

agent
mainengine

rightenginegoal region
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Example: safe Lunar Landing

I Parameter convergences to optimal parameter

I Using human knowledge and shielding improves learning

0 1000 2000 3000 4000 5000episodes−300−200−1000
100200

average
reward

shield synthesisno shieldoptimal shield 0 50 100 150 200episodes0.7
0.8
0.9
1.0

shieldm
ean

shield synthesis

0 1000 2000 3000 4000 5000episodes0500100015002000 shield synthesisno shieldoptimal shield

noofsu
ccesses
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Example: safe Lunar Landing

I Increasing uncertainty in human feedback

I Parameter still convergences

I Convergence requires more episodes

0 100 200 300episodes01020304050

KL

0% randomness10% randomness30% randomness50% randomness
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Example: safe social navigation

I Reach goal while not running into humans

I Shield constrains minimum distance to
humans

I Parameter ✓ defines minimum distance
agent

obstacles goals
lidarrays

15 / 32



Correcting learned robot policies with human feedback

I Idea: humans can provide
additional knowledge

I Query humans for feedback on
policy

I Constrain learning based on
human feedback

robot
informa

tion allowed actionenvironment

adjustconstraints
synthesizeshields

humanfeedbackexamples

query
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Deploying policies in real environments

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

I Can we leverage human feedback to correct policies even after deployment?
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Correcting failures with human feedback and shielding

I Idea: robot queries for help when encountering a failure��������	�
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Correcting failures with human feedback and shielding

I High-level decision making tasks

I Common daily tasks

I Interpretable actions A and states S

I Non-experts can provide feedback
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Failure queries

I Robot needs to send meaningful queries

I Failure trace and environment overview

I executed the following actionsuntil the failure:1) Fetching sliced bread2) Fetching ketchup3) Fetching salad slice4) Fetching chopped onions
I failed to complete my task. I triedto fetch a chopped onion, but failed.What could I do to avoid this failureand complete the task in the future?
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Failure correction shield synthesis

agent
state

shielded action

reward
training environment

forbiddenactionalternativeitem

1 2 3
actionre!nement

shield
Training the reinforcementlearning systemA Use non-experts to correctfailure after deploymentB Generate shield to correctthe failureC

retrain with shield to correct failure

deployment feedback
failure environmenthuman 23 1

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

I State transition �(st, a) = st+1

I Desired states Sdesired without failure

I Feedback c(s, a) for alternative action

I Refine action when undesired outcome

refines(a) =

(
a, if �(s, a) 2 Sdesired

c(s, a), if �(s, a) 62 Sdesired
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Alternative item

I Action a<p> manipulates item p

I Original item pO not available

I Non-expert suggests alternative pA

I Shield changes action parameter

alt(a<pO>) =

(
a<pO>, if pO in Env

a<pA>, if pO not in Env
���������
	
����

	�����	��
�
����

� � �

	
����
���������

������

24 / 32



Forbidden actions

I Action may not be desired any more

I Feedback labels forbidden actions

I Desired states Sdesired without failure

I Shield removes forbidden actions

Aallowed(s) = {a 2 A | �(s, a) 2 Sdesired} ���������
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Example: kitchen environment

I Overcooked-AI based environment
[Wang et al., 2020]

I Agent is tasked to prepare/deliver certain
dishes

I Grid environment

I Actions such as turn, fetch, chop, and
deliver an item

agentdelivery lettuceslice

tomato

tomatoslice

cutboard
plate

1 2 3
4

5
6
70
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Example: making a salad

I Failure: chopped tomatoes are not available any more

I Non-expert suggests to chop tomatoes in such cases

I Action refinement

agentdelivery lettuceslice

tomato

tomatoslice

cutboard
plate

1 2 3
4

5
6
70 agent

cutboard

lettuceslice
delivery

tomato

plate
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Example: making a salad

I Shielding always corrects failure

I Faster convergence

I Check feedback quality

averageepisodeconverged

0 20 40 60 80 100episodes−2
−1

0

average
totalre

ward

shieldedwithoutincorrect
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Example: deliver co↵ee

I Failure: environment contains carpets and agent gets stuck

I Non-expert suggests to never move to carpets

I Forbidden actions

agent
deliveryco!ee delivery

co!ee
carpet

agent
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Example: deliver co↵ee

I Shielding always corrects failure

I Without shield never successful

I Requires reward engineering to solve task

I Incorrect feedback might result in
non-generalizable solutions 0 10 20 30episodes−0.5

0.0
0.5

averageepisodeconvergedaverage
totalre

ward shieldedwithoutpenaltyincorrect
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Conclusions

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

I Human feedback can provide additional knowledge

I Di↵erent ways to integrate humans into learning

I Speed up learning, improving acceptability, and correcting policies

I Consider number and type of queries, type of feedback

I Update parameters of shields during learning

I Automatic and verifiable failure correction after deployment
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