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In this session…

Distributional Reinforcement Learning with (Implicit) Quantile Regression

Distribution over returns is NOT a new idea… [2] Morimura, T. et. al. 2010
[1] Sobel, L.M. 1982

And triggered a lot of discussion…

[4] Barth-Maron, G. et. al. 2018
[5] Hessel, M. et. al. 2018
[6] Gruslys, A. et. al. 2018
[7] Rowland, M. et. al. 2018

But achieved state-of-the-art results… [3] Bellemare, M.G. et. al. 2017C51
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IQN

{st, at, st+1, rt}

a⋆ = argmax
a

𝔼[Zθ
τ (st+1, a)]

δτ,τ′�
t = rt + γz′� − z

z = Zθ
τ (st, at)

z′� = Zθ
τ′ �(st+1, a⋆)∀τ ∼ U([0,1])

∀τ′� ∼ U([0,1])

ℒIQN = ∑
τ

∑
τ′ �

δτ,τ′�
t (τ − Iδτ,τ′�

t <0)



Human normalised score (HNS)

score =
agent − random
human − random

Human gap

gap = 1 − clip(score, 0, 1) = {1, random play
0, super-human
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Pitfalls and future outlook

• 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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DQN QR-DQN

δt = rt + γq′� − q

{st, at, st+1, rt}

q = Qθ(st, at)

q′� = Qθ(st+1, a⋆)

a⋆ = argmax
a

Qθ(st+1, a)

ℒDQN = δ2
t ℒQR−DQN = ?

{st, at, st+1, rt}

a⋆ = argmax
a

𝔼[Zθ
τ (st+1, a)]

Q(x′�, a′�) = ∑
j

qj zθ
j (x′�, a′�), ∀a′�

a⋆ = argmax
a′�

Q(x′�, a′�)
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