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Motivation

- Q-Learning is at the heart of many recent deep RL successes




Overview of Key Contributions

Delusional bias (Lu, et al., NeurIPS18) can occur in any Q-Learning method

ConQUR (Consistent Q-Update Regression)

- A new framework that mitigates delusion in a scalable fashion

1) Consistency Penalty

2) Framework to search for the best Q-regressors



Overview of Key Contributions

1) Consistency Penalty

o augments Bellman loss, very easy to implement
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Overview of Key Contributions

2) Framework to search for the best Q-regressors
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Background

Delusional Bias (Lu et al, NeurlPS 18):

Arises when Q learning combines with approximator, and there is no greedy policy
that can execute the state action choices.



Greedy Policy w.r.t. an Approximator




Greedy Policy w.r.t. an Approximator

Features for
Linear Approximation

d(1a) = 1 $(2a)=1
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Greedy Policy

Q(1,a) > Q(1,b)
—

Q(2,a) > Q(2,b)

U

Cannot do:

Q-2 and @0

@® or vice versa




Combating Delusion

For complete delusion removal (Lu, et al, NeurlPS 2018), algorithm:
* Maintains full information sets (possible Q-functions)

* Requires comprehensive search
 Computationally intensive

We propose a much more scalable algorithm: ConQUR

* Consistency Penalty + Search



Combating Delusion: Soft-Consistency

Consistency Penalty enforces soft-consistency:

- Very easy to implement, no significant computational cost
. Can be used in isolation (without search)
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Combating Delusion: Heuristic Search

Search Framework:
. Maintain and search over multiple information sets
- Each information set represents policy commitments and
Q-regressor
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Search: Q-Regressors
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QQ-Label Set
#1
Generating Q-labels
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Policy commitments

Consistency buffer #1 —
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Search Strategy

- Selecting Q-regressor for:
- Prioritized expansion
- Quick quality evaluation

- Back-tracking



Experiments

Two sets of experiments evaluated on Atari Suite (59 games):

1) Consistency Penalty
- with DQN and DDQN

2) Full ConQUR framework




Consistency Penalty Experiment
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DQN vs {DQN + Consistency Penalty}
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ConQUR Experiment

* ConQUR: Search + Consistency Penalty
* Max node of the search tree = 16

e Baseline: Multi-DQN with 16 nodes

* Train on the last layer of a pretrained DQN.
- only 4M frames vs 200M frames for full training



ConQUR Experiment

* An average
improvement of
125% over the
pretrained DQN
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ConQUR Experiment

e Comparison of the
ConQUR vs
Multi-DQN baseline

Venture 4
Solaris 4
WizardOnwor 4
Gopher 4
FishingNerhy
Amidar 4
Alicn -
Asterix
ChopperCommand -
Tulankham
CrazyClimber 4
Seaguest o
IceHockey
AirRaid -
Gravitar 4
Robaotank
Skiing
DoubleDunk A
NameThisGame
RoadRunner
Enduro
Asteroids
EBreakout 4
BankHeisl 4
DemonAttack
Jameshond
Riverraid
Pooyan
Kangaroo -
StarGunner
Krull 4

Carnival 4
Atlantis 4
Hero 4

Boxing
VideaPinball 4
Freeway -

Pong

Pitfall
MontezumaRevenge
PrivateCye 4
BeamRider A
MsPacman
Bowling 4
Bercerk
Frosthile 4
Centipede
Spacelnvaders 4
Phocnix 4
Zaxxon
YarsRevenge -
Tennis o
BattleZone
Assault 4
TimePilot 4
Qbert 4
ElevatorAction
UpNDown 4

JourneyEscape

Percentage improvement of ConQUR(A = 10) over multi-DON baseline

-40%

20%

<
=

20%

40%

§0%

960%



ConQUR Experiment
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Conclusion

ConQUR is a paradigm for mitigating delusion
. Easy to use consistency penalization
. Search space of multiple Q-regressors

Future Work:

. Explore new/alternative child generation strategies
- Explore connection to distributional RL



