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Deep Reinforcement Learning

2

next state, reward

Agent Environmentaction ∼ π ϕ : 𝒮 → 𝒮
Representation learning

a ∼ π( ⋅ ∣ ϕ(s))

⏟ ⏟ϕ π
a

π :=



𝒮
What is a "Good Representation?"

ϕ : 𝒮 → 𝒮

Our goal is to maximize Vπ

  should tell us something 
 about 

⟹ ϕ
Vπ

a ∼ π( ⋅ ∣ ϕ(s))

 Vπ (s) := 𝔼π [∑∞
t=0 γt ⋅ R(st, at) ∣ s0 = s, at ∼ π ( ⋅ ∣ st)]



𝒮
ϕ : 𝒮 → 𝒮

s1 s2

  Vπ (s1) − Vπ (s2) ≤ K ⋅ s1 − s2

What is a "Good Representation?"

𝒮
s1

s2



𝒮
s1 s2

  Vπ (s1) − Vπ (s2) ≤ K ⋅ s1 − s2

What is a "Good Representation?"

𝒮
s1

s2

… where π := π ∘ ϕ

Loss = 𝔼s,a,r,s′￼∼π [LRL (s, a, r, s′￼) + Laux. task (s, a, r, s′￼)]

on-policy data



𝒮
s1 s2

What is a "Good Representation?"

𝒮
s1

s2

 Loss = 𝔼s,a,r,s′￼∼π [LRL (s, a, r, s′￼) + Laux. task (s, a, r, s′￼)]
πnew, ϕnew ← update ((π, ϕ), ∇Loss)

  Vπnew (s1) − Vπnew (s2) ≤ K ⋅ s1 − s2

What about  ?πnew := πnew ∘ ϕnew
?

π
πnew



• Sample efficiency 

• Auxiliary task for representation learning

Model-Based, Deep Reinforcement Learning

From Dreamer-v[X] by D. Hafner et al, v1: ICLR 2020, v2: ICLR 2021 & v3: Nature 2025, v4: arXiv 2025

World Models

• Deep MDPs — Gelada et. al, ICML 2019 
• Learning Invariant Representations for Reinforcement Learning 

without Reconstruction — Zhang et al., ICLR 2020 
• Data-Efficient Reinforcement Learning with Self-Predictive 

Representations — Schwarzer el. al, ICLR 2021



How to leverage world models to… 

• learn theoretically & practically useful 
representations that ensure policy improvement? 

• ensure model calibration — i.e., reliable planning 
and learning within the world model to support 
policy improvement?



• World models are learned by minimizing reward/transition losses 
 
 
 

•  experiences 

•  (mini-)batch of experiences or replay buffer 

•   assigns a "cost" relative to the error between  and   w.r.t. experiences  

•   assigns a "cost" relative to the error between  and   w.r.t. experiences  

•  : baseline/reference policy used to insert experiences in 

η :
ℬ :
fR R R η
fP P P η
πb ℬ

What is a "World Model"?

LR := 𝔼η∼ℬ fR (ϕ, R; η) LP := 𝔼η∼ℬ fP (ϕ, P; η)



The out-of-trajectory (OOT) problem
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• Train the world model by collecting trajectories from  , with  

➡  low even if the region  is under-explored, leading to a large error in  (+20)

πb πb(a2 ∣ s) ≤ ϵ ∀s ∈ 𝒮1

LR, LP 𝒮3 ℳ

+1

-1
b



Your Friendly Neighborhood Policy

π0

π2

π*

π1

𝒩C(πb) = π′￼ ∈ Π
∀s ∈ 𝒮, a ∈ 𝒜, 2 − C ≤

π′￼(a ∣ s)
πb(a ∣ s)

≤ C,

supp(πb( ⋅ ∣ s)) = supp(π′￼( ⋅ ∣ s))

πn+1 := arg sup
π′￼∈𝒩C(πn)

𝔼s∼μπn
𝔼a∼π′￼(⋅∣s)[ Aπn (s, a) ]

Theorem:

 is the advantage; 
Then:  

➡ monotonic improvement 

➡  

Aπ(s, a) = Qπ(s, a) − Vπ(s)

Vπn

n→∞
V*

∀ 1 < C < 2



Learning a sound world model

Next state prediction: 
LP ≤ 𝔼s,a,s′￼∼π 𝔼s′￼∼P( ⋅ ∣ ϕ(s), a) ϕ (s′￼) − s′￼

LR := 𝔼s,a,r ∼ π r − R(ϕ(s), a)

LP := 𝔼s,a∼π W(ϕ♯P( ⋅ ∣ s, a), P( ⋅ ∣ ϕ(s), a))

Original Environment World Model



Deep, Safe Policy Improvement 
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πb

π
𝒩1/γ (πb)

where  ζ ∝ Lπb
R /γ + KV ⋅ Lπb

P

For model-based planning

Vπ∘ϕ(ℳ) − Vπb∘ϕ(ℳ) ≥ Vπ(ℳ) − Vπb(ℳ)−ζTheorem:

: real environment 
 world model

ℳ
ℳ :



24

Deep, Safe Policy Improvement for representation learning

Vπ̄(s1) − Vπ̄(s2) ≤ KV ⋅ d̄ (ϕ(s1), ϕ(s2)) + ε

Theorem: for all policies  in the neighborhood of , 

 and , 

we have with probability  that: 

π πb

ε > 0 δ ∝ 1/ϵ ⋅ (Lπb
R + γKV ⋅ Lπb

P )
1 − δ



• Modify PPO to incorporate  into 
the clipped objective, which defines the 
expected trust region… 

• … but PPO is on-policy 
 tight state coverage 
 not enough data diversity 
 difficult to learn a model 

• Use JAX (vectorized environment) 
 from 8 envs / 128 rollouts  

      to 128 envs / 8 rollouts 
 good state coverage

LP, LR

→
→
→

→

→

Deep SPI
PPO comes into play!

Mayor et al.: The Impact of On-Policy Parallelized Data Collection on
Deep Reinforcement Learning Networks, ICML 2025



Deep SPI
How to enforce neighborhood constraints? PPO comes into play!

πn+1 := arg sup
π′￼∈Π

𝔼s∼ξπn
𝔼a∼πn

min
π′￼(a ∣ s)
πn (a ∣ s)

⋅ Aπn (s, a), clip (
π′￼(a ∣ s)
πn (a ∣ s)

, 1 ± ϵ) ⋅ Aπn (s, a)

π′￼

πn

π′￼

πn

Schulman et al., 2017



πn+1 := arg sup
π′￼∈Π

𝔼s∼ξπn
𝔼a∼πn

min
π′￼(a ∣ s)
πn (a ∣ s)

⋅ Aπn (s, a), clip (
π′￼(a ∣ s)
πn (a ∣ s)

, 1 ± ϵ) ⋅ Aπn (s, a)

• Let’s just add  to the loss? 

➡  ⚠ No, we can’t! 

➡  update  and might  
push  outside  

➡ Solution: incorporate  as auxiliary objectives to the advantage!

LR, LP

LR, LP ϕ
πnew := (πnew ∘ ϕ) 𝒩C

LR, LP

LR := 𝔼s,a∼ℬ R(s, a) − R (ϕ(s), a)
LP := 𝔼s,a∼ℬ W(ϕ♯P( ⋅ ∣ s, a), P( ⋅ ∣ ϕ(s), a))

Deep SPI



πn+1 := arg sup
π′￼∈Π

𝔼s∼ξπn
𝔼a∼πn

min
π′￼(a ∣ s)
πn (a ∣ s)

⋅ Uπn (s, a), clip (
π′￼(a ∣ s)
πn (a ∣ s)

, 1 ± ϵ) ⋅ Uπn (s, a)

Uπn (s, a, s′￼) := Aπn (s, a) − αR ⋅ ℓR (s, a) − αP ⋅ ℓP (s, a, s′￼)

ℓR (s, a) := R(s, a) − R (ϕ (s), a) ℓP (s, a, s′￼) := 𝔼s̄′￼∼P( ⋅ ∣ ϕ(s), a) d (ϕ (s′￼), s̄′￼)
•  allow retrieving   in expectation! 

• restrict both the policy and the representation updates!

ℓR , ℓP LR, LP

Deep SPI



Deep SPI (57 stochastic environments! IQM, Median, Mean: higher is better; Optimality Gap: lower is better)


