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C. Hyperparameters settings for classic control environments

Table 1. Hyperparameters settings for classic control environments

Hyperparameter DQN Rainbow QR-DQN IQN M-DQN M-IQN
gamma 0.99 0.99 0.99 0.99 0.99 0.99
update horizon 1 3 1 1 1 1
min replay history 500 500 500 500 500 500
update period 4 2 2 2 4 2
target update period 100 100 100 100 100 100
normalize obs True True True True True True
hidden layer 2 2 2 2 2 2
neurons 512 512 512 512 512 512
num atoms - 51 51 - - -
vmax - 200 - - - -
kappa - - 1 1 - 1
tau - - - - 100 0.03
alpha - - - - 1 1
clip value min - - - - -le3 -1
num tau samples - - - 32 - 32
num tau prime samples - - - 32 - 32
num quantile samples - - - 32 - 32
quantile embedding dim - - - 64 - 64
learning rate 0.001 0.001 0.001 0.001 0.001 0.001
eps 3.125e-4  3.125e-4  3.125e-4  3.125¢-4 3.125¢-4 3.125e-4
num iterations 30 30 30 30 30 30
replay capacity 50000 50000 50000 50000 50000 50000

batch size 128 128 128 128 128 128
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D. Hyperparameters settings for MinAtar environments

Table 2. Hyperparameters settings for MinAtar environments

Hyperparameter DQN Rainbow QR-DQN IQN M-DQN M-IQN
gamma 0.99 0.99 0.99 0.99 0.99 0.99
update horizon 1 3 1 1 1 1
min replay history 1000 1000 1000 1000 1000 1000
update period 4 4 4 4 4 4
target update period 1000 1000 1000 1000 1000 1000
normalize obs True True True True True True
num atoms - 51 51 - - -
vmax - 100 - - - -
kappa - - 1 1 - 1
tau - - - - 0.03 0.03
alpha - - - - 0.9 0.9
clip value min - - - - -1 -1
num tau samples - - - 32 - 32
num tau prime samples - - - 32 - 32
num quantile samples - - - 32 - 32
quantile embedding dim - - - 64 - 64
learning rate 0.00025  0.00025 0.00025  0.00025 0.00025  0.00025
eps 3.125¢-4  3.125¢-4 3.125e-4 3.125e-4 3.125¢-4 3.125e-4
num iterations 10 10 10 10 10 10
replay capacity 100000 100000 100000 100000 100000 100000
batch size 32 32 32 32 32 32

E. Average runtime for environments used in the experiments

Table 3. Average runtime.

Figures Average time (minutes)
Cartpole 10
Acrobot 10
LunarLander 30
MountainCar 10
MinAtar games 720

Atari games 7200
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F. Impact of algorithmic components

In the following tables we list the algorithmic components that had the most positive effect on the various agents and
environments. The following abbreviations are used in this section: Dist: Distributional, Noi: Noisy, Prio: Prioritized, Mult:

Multi-step, Dou: Double , Due: Dueling.

Table 4. Impact of algorithmic components for each agent on classic control environments.

Agent Operation  Cartpole Acrobot  LunarLander MountainCar
DQN + Dist/Noi  Prio/ Mult Dist/ Mult Mult/Dou
Rainbow - Mult/Noi ~ Mult/Noi Dist/Mult Mult/Noi
QR-DQN + Noi/Prio Mult Mult Noi/Mult
IQN + Prio /Due  Mult/Noi Mult/Dou Noi
M-DQN + Mult Mult /Prio Due/Noi Mult
M-IQN + Prio Mult Mult /Due -

Table 5. Impact of algorithmic components for each agent on MinAtar games.

Agent Operation Asterix Breakout  Freeway  Seaquest Spacelnvaders
DQN + Dist/Due Mult/Dou  Due/Noi  Mult/Noi Dist/ Mult
Rainbow - Dist/Mult Mult/ Dist  Dist/Due  Mult/Due Dist/Mult
QR-DQN + Prio/ Multi-step  Mult/ Prio Noi Mult/Noi Prio/Due
IQN + Prio/Noi Mult/Noi Due Mult/Due Prio/Mult
M-DQN + Prio/Mult Prio/Mult - Mult Prio/Due
M-IQN + Mult/Prio Prio/ Mult - Prio/Noi Prio/ Mult

Table 6. The most important component for classic control environments and MinAtar games.

Agent Operation  Classic control ~ MinAtar
DQN + Mult Mult
Rainbow - Mult Dist
QR-DQN + Mult Prio
IQN + Mult Mult
M-DQN + Mult Prio
M-IQN + Mult Prio
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Table 7. The most important component for each environment.

Environment  Component

Cartpole Prio
Acrobot Mult
LunarLander Mult
MountainCar Noi
Asterix Prio
Breakout Mult
Freeway Due
Seaquest Mult

Spacelnvaders Mult
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Figure 11. Evaluating Rainbow sensitivity to varying number of layers (top) and units per layer (bottom).

Figure 12. Evaluating DQN (top) and Rainbow (bottom) sensitivity to varying batch sizes. The default value used in the rest of the
experiments is 128.



