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And triggered a lot of discussion...

In this session...

Distributional Reinforcement Learning with (Implicit) Quantile Regression
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1. Categorical
Z(S1,a1)

* Fixed support bins  Zp, 15395 -+ -5 N
» Learn probabilities/quantiles p;, 7;

- Easy to program

» Value range of Z needs to be known!
« The bins are fixed (less expressive)

True

Pz (Zz) — Model

- 0 2 6
21 Long-term return Z IN-1 Zy



2. Quantiles of Inverse CDF

Z(s1,a1)



2. Quantiles of Inverse CDF

Categorical

True
Model

F/z)

4
4 Long-term return 2

6
<N-1 N



2. Quantiles of Inverse CDF

Categorical

F/z)

4 Long-term return 2

<N-1 N




2. Quantiles of Inverse CDF Z(s1,a1)

1 e

g:i 7, = 0.8 \

Categorical S | |
|

1 o F0Bm = = = = = = = — - — l |

F,(z)) = | !

0.5 C% D4 = = = = = = = = [ [ 1

5 _ 0o I |

0 ;1.0_2_71___'___ I 1| _F_l(T)J

4 - a | L1 & / 1/ |

4 Long-term return 2 IN-1 2y O * * *| | *

o) 0 ) 10

Long-term return Z



2. Quantiles of Inverse CDF

* Fixed quantile bins 7, 71, 79, ..., Ty

Categorical

F(2)

2 Long-term return 2 IN-1 2y

O
o

O
»

o

CDF Quantile 7 = Fz(z;)
_ O
N

—h

N

=98 ____ ]
| !
___________ | I
1 !
_________ I |
11 !
=92 11 —1 |
| 1 Zi — FZ (Tl) I
— R %% 4%

5 0 5 10

Long-term return Z




2. Quantiles of Inverse CDF Z(s1,a1)

* Fixed quantile bins 7, 7, 75, ..., Ty .
- Learn support z; = F, (1))

| ————

g:i 7, = 0.8 \

Categorical S | |
|

1 o F0Bm = = = = = = = — - — l |

FZ(Zi) %’ 1 1 I

0.5 C% D4 = = = = = = = = I [ i

5, _ 09 I 1 1 |

0 LT_‘O_Q_TI__;___ I 1 _F_l(T)J

4 - - | 1 1% 7 1/ |

4 Long-term return 2 IN-1 2y O | * * *l | *

Long-term return Z



2. Quantiles of Inverse CDF Z(s1,a1)

* Fixed quantile bins 7, 7, 75, ..., Ty .
- Learn support z; = F, (1))
» No need for value range of Z

| ————

g:i 7, = 0.8 \

Categorical S | |
|

1 o F0Bm = = = = = = = — - — | ]

FZ(Zi) %’ 1 I

0.5 C% D4 = = = = = = = = I I ]

5, _ 09 I 1 | I

0 LT_‘O_Q_TI__;___ I 1 _F_l(T)J

4 - - | 1 14 t 7 1/ |

4 Long-term return 2 IN-1 2y O | * * *l | *

Long-term return Z



2. Quantiles of Inverse CDF Z(s1,a1)

* Fixed quantile bins 7, 71, 79, ..., Ty a1
- Learn support z; = F, (1))

» No need for value range of Z

 Training loss

1

\i\i T4 = 08 1

: NODQ = == om o o o om o = = =
Categorical -, 0.8 | |

|

1 o F0Bm = = = = = = = — - — | ]
FZ(Zi) %’ 1 I
0.5 C% D4 = = = = = = = = I I ]
5, _ 02 I I I I
0 LT_‘O_Q_TI__;___ I 1 _F_l(T)J
4 - - | 1 14 t 7 1/ |
4 Long-term return 2 IN-1 2y O | * * *l | *

Long-term return Z



2. Quantiles of Inverse CDF Z(s1,a1)

* Fixed quantile bins 7, 71, 79, ..., Ty a1
- Learn support z; = F, (1))

» No need for value range of Z

 Training loss

- Fixed quantile bins

1

\i\i T4 = 08 1

: NODQ = == om o o o om o = = =
Categorical -, 0.8 | |

|

1 o F0Bm = = = = = = = — - — | ]
FZ(Zi) %’ 1 I
0.5 C% D4 = = = = = = = = I I ]
5, _ 02 I I I I
0 LT_‘O_Q_TI__;___ I 1 _F_l(T)J
4 - - | 1 14 t 7 1/ |
4 Long-term return 2 IN-1 2y O | * * *l | *

Long-term return Z



3. Implicit Quantile Inverse CDF

Z(s1,a1)



3. Implicit Quantile Inverse CDF

6 4 2 0 2 4

Long-term return Z

L3 30K-JOUK- SO Rk MK




3. Implicit Quantile Inverse CDF

» Quantile sample (input) T~ U(]0, 1])

Q3 —————=—=—=—=—=—=================f Il
T

) — i

- ITIN
QP REITIRI
— L ________ BRI
-

2
S O |||: :
O Ezzzzozzooozoooooog N

| 11| I FEIE T
-6 -4 -2 0 2 4 6

Long-term return Z
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Z(s1,a1) 1. Categorical PDF

* Fixed support bins Zy, ..., Jpy
» Learn probabilities p,(z;)

2. Quantile Inverse CDF

* Fixed quantile bins 7, ..., Ty
+ Learn support values z; = F, ()

3. Implicit Quantile Inverse CDF

- Quantile sampled from uniform = ~ U([0, 1])
+ Learn support values z = F,!(7)
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Pitfalls and future outlook

o Pitfalls

- Only the policy mean used for evaluation

- Convergence in theory only for fixed quantiles
- Evaluated only in discrete action environments
- No guarantee that quantiles are ordered

® [Future

- Distribution over policies
- Continuous action domains
-  Rainbow-IQN

- Solve the quantile ordering problem
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