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DEEP REINFORCEMENT LEARNING

Backgammon (Tesauro, 1994) 
Elevator control (Crites and Barto, 1996) 
Helicopter control (Ng et al., 2003) 
Transfer in tic-tac-toe (Rivest and Precup, 2003; Bellemare et al., unpublished) 

… 
Atari game-playing (Mnih et al., 2015) 
Go (Silver et al., 2016)
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SOME CHALLENGES IN DEEP RL

• Training data is not i.i.d. 

• Hard to get confidence intervals 

• Potential divergence issues (e.g. van Hasselt et al., 2015)  

• State space often unknown 

• Model-free methods reign supreme (simulation a plus)
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The Arcade Learning Environment (Bellemare et al., 2013)
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Whiteson et al., 2011

“We argue that reinforcement learning is 
particularly vulnerable to environment overfitting 

and propose as a remedy generalized methodologies […]” 
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EARLY ATTEMPTS (2010-2013)
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Image credit: Volodymyr Mnih

DEEP Q-NETWORKS (DQN)
Mnih et al., 2015
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LSTM layer (Hausknecht and Stone, 2015) 
Recurrent network (Mnih et al., 2016)
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Dueling networks (Wang et al., 2016) 
Asynchronous actor-critic (Mnih et al., 2016) 
Bootstrap Q-functions (Osband et al., 2016) 
Noisy networks (Fortunato et al.; Plappert et al., 2017) 
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Prioritized replay (Schaul et al., 2016) 
Importance sampling (Gruslys et al., 2018) 
Off-policy corrections (Gelada et al., in prep.)



D
Q

N

REPLAY MEMORY

TARGET NETWORK

PO
O

L
GRAYSCALE

D
O

W
N

SA
M

PL
E

+

ST
A

C
K

POLICY

LEARNING ALGORITHM

T Q = r + �PmaxQ

Double Q-learning (van Hasselt et al., 2015) 
Advantage learning (Bellemare et al., 2015) 
Q(𝝺) (Harutyunyan et al., 2016) 
Retrace (Munos et al., 2016) 
Distributional methods (Bellemare et al., 2017, 
Dabney et al., 2018, …) 



1. Distributional reinforcement learning 

2. Exploration with pseudo-counts
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R(x0) + �R(x1) + �2R(x2) . . .

⇡

BELLMAN EQUATION

V ⇡(x) = ER(x) + � E
x0⇠P⇡

V ⇡(x0)



SCHOKNECHT 2002; PARR ET AL., 2008; SUTTON ET AL. 2008 

GROUND TRUTH

IMPLIED MODEL
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IMPLIED MODEL

V ⇡(x) = E
⇥
R(x0) + �R(x1) + �2R(x2) + · · · |x0 = x, at ⇠ ⇡

⇤

= E [R(x0)] + �E [R(x1)] + �2E [R(x2)] + · · · .
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DISTRIBUTIONAL BELLMAN EQUATION
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Bellman (1957): Bellman equation for mean 
Sobel (1982): … for variance 
Engel (2003): … for Bayesian uncertainty 
Azar et al. (2011), Lattimore & Hutter (2012): … for higher moments 
Morimura et al. (2010, 2010b): … for densities

VALUE DISTRIBUTION
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APPROXIMATION

PROJECTION



1.From x, a, sample a transition: 

2.Compute sample backup 

3.Project onto approximation support: 

4.Update towards projection, i.e. 
take a KL-minimizing step
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r,X 0, A0 ⇠ R(x, a), P (· |x, a),⇡(· |X 0)
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A Distributional Perspective on Reinforcement Learning

Figure 5. Intrinsic stochasticity in PONG.

Mean Median > H.B. > DQN
DQN 228% 79% 24 0
DDQN 307% 118% 33 43
DUEL. 373% 151% 37 50
PRIOR. 434% 124% 39 48
PR. DUEL. 592% 172% 39 44
C51 701% 178% 40 50
UNREAL† 880% 250% - -

Figure 6. Mean and median scores across 57 Atari games, mea-
sured as percentages of human baseline (H.B., Nair et al., 2015).

Figure 7. Percentage improvement, per-game, of C51 over Dou-
ble DQN, computed using van Hasselt et al.’s method.

6. Discussion
In this work we sought a more complete picture of rein-
forcement learning, one that involves value distributions.
We found that learning value distributions is a powerful no-
tion that allows us to surpass most gains previously made
on Atari 2600, without further algorithmic adjustments.

6.1. Why does learning a distribution matter?

It is surprising that, when we use a policy which aims to
maximize expected return, we should see any difference
in performance. The distinction we wish to make is that
learning distributions matters in the presence of approxi-

mation. We now outline some possible reasons.

Reduced chattering. Our results from Section 3.4 high-
lighted a significant instability in the Bellman optimal-
ity operator. When combined with function approxima-
tion, this instability may prevent the policy from converg-
ing, what Gordon (1995) called chattering. We believe
the gradient-based categorical algorithm is able to mitigate
these effects by effectively averaging the different distri-

† The UNREAL results are not altogether comparable, as
they were generated in the asynchronous setting with per-game
hyperparameter tuning (Jaderberg et al., 2017).

butions, similar to conservative policy iteration (Kakade &
Langford, 2002). While the chattering persists, it is inte-
grated to the approximate solution.

State aliasing. Even in a deterministic environment, state
aliasing may result in effective stochasticity. McCallum
(1995), for example, showed the importance of coupling
representation learning with policy learning in partially ob-
servable domains. We saw an example of state aliasing in
PONG, where the agent could not exactly predict the re-
ward timing. Again, by explicitly modelling the resulting
distribution we provide a more stable learning target.

A richer set of predictions. A recurring theme in artificial
intelligence is the idea of an agent learning from a mul-
titude of predictions (Caruana 1997; Utgoff & Stracuzzi
2002; Sutton et al. 2011; Jaderberg et al. 2017). The dis-
tributional approach naturally provides us with a rich set
of auxiliary predictions, namely: the probability that the
return will take on a particular value. Unlike previously
proposed approaches, however, the accuracy of these pre-
dictions is tightly coupled with the agent’s performance.

Framework for inductive bias. The distributional per-
spective on reinforcement learning allows a more natural
framework within which we can impose assumptions about
the domain or the learning problem itself. In this work we
used distributions with support bounded in [VMIN, VMAX].
Treating this support as a hyperparameter allows us to
change the optimization problem by treating all extremal
returns (e.g. greater than VMAX) as equivalent. Surprisingly,
a similar value clipping in DQN significantly degrades per-
formance in most games. To take another example: in-
terpreting the discount factor � as a proper probability, as
some authors have argued, leads to a different algorithm.

Well-behaved optimization. It is well-accepted that the
KL divergence between categorical distributions is a rea-
sonably easy loss to minimize. This may explain some of
our empirical performance. Yet early experiments with al-
ternative losses, such as KL divergence between continu-
ous densities, were not fruitful, in part because the KL di-
vergence is insensitive to the values of its outcomes. A
closer minimization of the Wasserstein metric should yield
even better results than what we presented here.

In closing, we believe our results highlight the need to ac-
count for distribution in the design, theoretical or other-
wise, of algorithms.
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1. Distributional reinforcement learning 

2. Exploration with pseudo-counts
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EXPLORATION

Bellman equation:
Q(x, a) = r(x, a) + � E
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Exploration bonus (Strehl and Littman, 2008):
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experienced once: 
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(Blundell et al., 2016)
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Assumptions 
1. density ∝ frequency 
2. model quality = generalization
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n̂+ 1
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n̂ {
N̂n(x) = ⇢n(x)

1� ⇢0n(x)

⇢0n(x)� ⇢n(x)

Bellemare,  Srinivasan, Ostrovski, Schaul, Saxton, Munos, 2016
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Pseudo-count bonus
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• Another important key factor: fast credit assignment

CREDIT ASSIGNMENT ISSUES IN EXPLORATION

Q̃(xt, at) = q ⇥

r+(xt, at) + �max

a02A
Q(xt+1, a

0)

�

+ (1� q)⇥
" 1X

i=0

�ir+(xt+i, at+i)

#
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Mixed Monte-Carlo (MMC) update



EFFECT OF MIXED MONTE CARLO UPDATE



REMOVING EXTRINSIC REWARDS



‘77 ‘80 ‘82 ‘84 ‘86 ‘89



‘77 ‘80 ‘82 ‘84 ‘86 ‘89

Pong
Video Pinball

Space
Invaders

Asteroids
Bowling

Breakout

Battlezone
Berzerk
Boxing
Carnival
Centipede
Crazy Climber
Fishing Derby
Phoenix
Skiing
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Up N’ Down
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Super-human agents

’81-’83: 27% sub-human, 8% exploit

Kung-Fu Master
H.E.R.O.
Montezuma’s Revenge
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Double Dunk

Sub-human agents
Scoring exploit
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