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2Bernoulli Institute for Mathematics, Computer Science and Artificial
Intelligence University of Groningen, The Netherlands

1



Presentation outline

1 Model-Free Deep Reinforcement Learning (DRL)

2 The Deep Quality-Value Family of DRL Algorithms

3 Analysis of the Algorithms

2



Model-Free Reinforcement Learning

3



Model-Free Reinforcement Learning

In model-free RL we care about learning value functions which
give us information about the policy π our agent is following.

The state-value (V ) function

V π(s) = E
[ ∞∑

k=0

γk rt+k

∣∣∣∣st = s, π

]
.
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Model-Free Reinforcement Learning

In model-free RL we care about learning value functions which
give us information about the policy π our agent is following.

The state-action value (Q) function

Qπ(s, a) = E
[ ∞∑

k=0

γk rt+k

∣∣∣∣st = s, at = a, π

]
.
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Model-Free Reinforcement Learning

In model-free RL we care about learning value functions which
give us information about the policy π our agent is following.

Deriving π

π∗(s) = arg max
a∈A

Q(st+1, a)
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Q-Learning and its DQN extension
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Q-Learning and its DQN extension

Q-Learning is probably one of the most popular model-free RL
algorithms, which learns the Q function in an off-policy learning
setting.

Q-Learning

Q(st , at) := Q(st , at) + α

[
rt + γmax

a∈A
Q(st+1, a) − Q(st , at)

]
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The Deep Quality-Value Family of DRL Algorithms
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QV(λ)-Learning
• Tabular RL algorithm which jointly learns the V (s) function

and the Q(s, a) function in an on-policy setting 3.

TD-Learning for learning V (s)

V (s) := V (s) + α
[
rt + γV (st+1) − V (st)

]
et(s).

≈ Q-Learning for learning Q(s, a)

Q(s, a) := Q(s, a) + α
[
rt + γV (st+1) − Q(s, a)

]
.

3Wiering, Marco A. ”QV(λ)-Learning: A new on-policy reinforcement
learning algrithm.” Proceedings of the 7th European Workshop on
Reinforcement Learning. 2005.
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DQV-Learning
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DQV-Learning

Two neural networks for two different value functions

• V (s; Φ) ≈ V (s)

• Q(s, a; θ) ≈ Q(s, a)
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DQV-Learning

Two neural networks for two different value functions
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DQV-Learning

Two neural networks for two different value functions

• V (s; Φ) ≈ V (s)

• Q(s, a; θ) ≈ Q(s, a)

Approximating the state-action value function

L(θ) = E〈st ,at ,rt ,st+1〉∼U(D)
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DQV-Learning
Two neural networks for two different value functions
• V (s; Φ) ≈ V (s)
• Q(s, a; θ) ≈ Q(s, a)

Approximating the state-value function

L(Φ) = E〈st ,at ,rt ,st+1〉∼U(D)

[
(rt + γV (st+1; Φ−) − V (st ; Φ)

)2]

Approximating the state-action value function

L(θ) = E〈st ,at ,rt ,st+1〉∼U(D)

[(
rt + γV (st+1; Φ−) − Q(st , at ; θ)

)2]
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DQV vs DQN and DDQN
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Figure: DQV learns significantly faster than DQN and DDQN 4

4Sabatelli, Matthia, et al. ”Deep Quality Value (DQV) Learning.”
Advances in Neural Information Processing Systems, Deep Reinforcement
Learning Workshop. Montreal, 2018.
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DQV-Max Learning

1. Can we successfully approximate two value functions while
following an off-policy learning scheme?

2. DQV-Max: a novel off-policy DRL algorithm

Approximating the state-value function

L(Φ) = E〈st ,at ,rt ,st+1〉∼U(D)

[(
rt + γ max

a∈A
Q(st+1, a; θ−) − V (st ; Φ)

)2]
.
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DQV-Max Learning
1. Can we successfully approximate two value functions while

following an off-policy learning scheme?
2. DQV-Max: a novel off-policy DRL algorithm

Approximating the state-value function

L(Φ) = E〈st ,at ,rt ,st+1〉∼U(D)

[(
rt + γ max

a∈A
Q(st+1, a; θ−) − V (st ; Φ)

)2]
.

Approximating the state-action value function = DQV

L(θ) = E〈st ,at ,rt ,st+1〉∼U(D)

[(
rt + γV (st+1; Φ) − Q(st , at ; θ)

)2]
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DQV-Max Learning
1. Can we successfully approximate two value functions while

following an off-policy learning scheme?
2. DQV-Max: a novel off-policy DRL algorithm

Approximating the state-value function

L(Φ) = E〈st ,at ,rt ,st+1〉∼U(D)

[(
rt + γ max

a∈A
Q(st+1, a; θ−) − V (st ; Φ)

)2]
.

Approximating the state-action value function = DQV

L(θ) = E〈st ,at ,rt ,st+1〉∼U(D)

[(
rt + γV (st+1; Φ) − Q(st , at ; θ)

)2]
34



DQV-Max Learning
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Figure: DQV-Max learns just as fast as DQV.
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Empirical Results on the Atari Benchmark
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On the quality of the learned value-functions

DRL algorithms are prone to damage the quality of the learned
value functions when the following elements are present:

1. A function-approximator is used when learning a value
function

2. The algorithms rely on bootstrapping while the value
function is regressed

3. The algorithms learn off-policy

These elements when combined enhance the overestimation
bias of the Q function which characterizes the DQN algorithm.
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On the quality of the learned value-functions
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Figure: DQV and DQV-Max suffer less from the overestimation bias of
the Q function.
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On the neural capacity of the algorithms
1. Do we need two separately parametrized neural networks

for successfully approximating V (s) and Q(s, a)?

2. We propose different extensions of the original
DQV-Learning algorithm

Figure: HARD-DQV
Learning

Figure: Dueling-DQV
Learning
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DQV-Learning Extensions
Two separate neural network with enough capacity are needed
to exploit DQV’s performance.

0 200 400 600 800 1000
Episodes

40

20

0

20

40

60

80

Sc
or

e

BoxingDeterministic-v4
DQV
Hard-DQV

0 200 400 600 800 1000
Episodes

40

20

0

20

40

60

80

Sc
or

e

BoxingDeterministic-v4
DQV
Dueling-DQV-1st
Dueling-DQV-2nd
Dueling-DQV-3rd

0 500 1000 1500 2000 2500 3000 3500
Episodes

0

200

400

600

800

Sc
or

e

BankHeistDeterministic-v4
DQV
Tiny-dqv

0 200 400 600 800 1000 1200 1400
Episodes

20

10

0

10

20

Sc
or

e

PongDeterministic-v4
DQV
Hard-DQV

0 100 200 300 400 500
Episodes

0

200

400

600

800

Sc
or

e

EnduroDeterministic-v4
DQV
Dueling-DQV-1st
Dueling-DQV-2nd
Dueling-DQV-3rd

0 200 400 600 800 1000 1200
Episodes

0

20000

40000

60000

80000

100000

120000

Sc
or

e

CrazyClimberDeterministic-v4
DQV
Tiny-dqv

Figure: Results obtained by alternative versions of the DQV-Learning
algorithm.
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A final thank you note

https:

//github.com/paintception/Deep-Quality-Value-Family
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