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An agent run is a trajectory with measurable consequences

1. State — information available before a decision 

2. Action — model output, tool call, or delegated operation 

3. Observation — environment response and updated context 

4. Reward — evaluator signal used for learning 

5. Termination — success, failure, refusal, or budget exhaustion
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Reliable learning requires a harness around the reward
1. Outcome — did the task succeed? 

2. Process — was the trajectory valid and reproducible? 

3. Cost — what time, tokens, tools, or retries were consumed? 

4. Authority — did every action remain within policy? 

5. Keep hard constraints outside the scalar objective.
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Learning frameworks differ in where the supervision comes from

• Supervised learning — learn from labeled examples 

• Unsupervised learning — uncover structure and model the data 
distribution 

• Reinforcement learning — learn through interaction and optimize 
expected cumulative reward
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Actions change the data an agent will observe next

• Optimize behavior from delayed feedback 

• Each action changes future state and available evidence 

• Exploration determines which alternatives become observable

Practical agents require approximation
• States and actions are structured, continuous, or high-dimensional 

• Function approximation shares statistical strength across trajectories
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Exploration and Exploitation Dilemma
• In RL, a goal-seeking agent must simultaneously  

• exploit current knowledge  

• explore new actions

Abstraction
• RL offers an abstraction to the problem of goal-directed learning from iteration. 

• It proposes that the sensory, memory and control apparatus and the objective can 
be reduced to states, actions and rewards passing back and forth between the 
agent and the environment. 
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The agent-environment Interface
• State space   

• Action space   

• Reward space  

• History 

𝖲 = {s1, …, s|𝖲|}

𝖠 = {a1, …, a|𝖠|}

ℝ

ht = {s0, a0, r1, …, st−1, at−1, rt, st, at}

• Markov Property:  only depends on  and   st+1 st at

Pr(st+1 = s′￼, rt+1 = r |ht)
markov= Pr(st+1 = s′￼, rt+1 = r |st, at)

• Expected reward of taking action  at a state   a s

𝔼[rt+1 |st = s, at = a] = ∑
r,s′￼

r Pr(st+1 = s′￼, rt+1 = r |st = s, at = a) := ∑
r,s′￼

r p(s′￼, r |s, a)

Transition model  Pr(st+1 = s′￼, rt+1 = r |ht)

RL -  abstraction

1. state transition probability  
2. expected reward  

p(s′￼|s, a)
r(s, a, s′￼) = 𝔼[rt+1 |st = s, at = a, st+1 = s′￼]

r(s, a, s′￼) = ∑
r

rp(r |s, a, s′￼) = ∑
r

r
p(s′￼, r |s, a)
p(s′￼|s, a)
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Value Functions
• Policy   

• Return or Accumulated future reward   

• State-value function for policy  

 

• State-action-value function for policy  

Pr(at+1 |st+1) = Pr(at |st) = π(at |st)

Rt =
T−t−1

∑
k=0

γkrt+k+1

π

Vπ(s) = 𝔼π[Rt |st = s]

π

Qπ(s, a) = 𝔼π[Rt |st = s, at = a]

Vπ(s) = ∑
a

π(a |s)Qπ(s, a)
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Bellman Equation (under Markov Property)
 Vπ(s) = 𝔼π[Rt |st = s] = 𝔼π[rt+1 + γRt+1 |st = s]

= 𝔼π[rt+1 |st = s]

(A)

+ γ 𝔼π[Rt+1 |st = s]

(B)

 

 

 

(A) = ∑
r

rp(r |s) = ∑
r

r∑
s′￼,a

p(r, a, s′￼|s)

= ∑
r

r∑
s′￼,a

p(s′￼, r |s, a)π(a |s)

= ∑
r

r∑
a

π(a |s)∑
s′￼

p(s′￼, r |s, a)

= ∑
a

π(a |s)∑
r

∑
s′￼

p(s′￼, r |s, a) r

 

 

 

 

(B) = 𝔼π[Rt+1 |st = s]

= ∑
s′￼

𝔼π[Rt+1 |st+1 = s′￼] Pr(st+1 = s′￼|st = s)

= ∑
s′￼

∑
r

Vπ(s′￼) Pr(st+1 = s′￼, rt+1 = r |st = s)

= ∑
s′￼

∑
r

Vπ(s′￼)∑
a

Pr(st+1 = s′￼, rt+1 = r |st = s, at = a)π(a |s)

= ∑
a

π(a |s)∑
r

∑
s′￼

p(s′￼, r |s, a) Vπ(s′￼)

Therefore Vπ(s) = ∑
a

π(a |s)∑
r

∑
s′￼

p(s′￼, r |s, a)[r + γvπ(s′￼)]
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Bellman Equation (under Markov Property)
 

                       

             

Vπ(s) = ∑
a

π(a |s)∑
r

∑
s′￼

p(s′￼, r |s, a)[r + γVπ(s′￼)]

= ∑
a

π(a |s)[∑
r

p(r |s, a)r + γ∑
s′￼

p(s′￼|s, a)Vπ(s′￼)]
= ∑

a

π(a |s)[𝔼[r |s, a] + γ∑
s′￼

p(s′￼|s, a)Vπ(s′￼)]

 

                

                                          

Qπ(s, a) = ∑
r

∑
s′￼

p(s′￼, r |s, a)[r + γVπ(s′￼)]

= 𝔼[r |s, a] + γ∑
s′￼

p(s′￼|s, a)Vπ(s′￼)

= 𝔼[r |s, a] + γ∑
s′￼

p(s′￼|s, a)∑
a′￼

π(a′￼|s′￼)Qπ(s′￼, a′￼)
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Bellman Optimality Equation

 V⋆(s) = max
π

Vπ(s) = max
π

𝔼[Rt |st = s]

Q⋆(s, a) = max
π

Qπ(s, a) = max
π

𝔼[Rt |st = s, at = a]

Optimal Value Function

 V⋆(s) = max
a ∑

r,s′￼

p(s′￼, r |s, a)(r + γV⋆(s′￼))

Q⋆(s, a) = ∑
r,s′￼

p(s′￼, r |s, a)(r + γ max
a′￼

Q⋆(s′￼, a′￼))
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RL Diagram

• Know transition dynamics  

• Dynamic Programming 

• Policy Iteration  

 

• Value Iteration  

         no policy involved

P(rt+1 = r′￼, st+1 = s′￼|st = s, at = a)

{
Policy evaluation Vk+1(s) = ∑a π(a |s)∑s′￼,r p(s′￼, r |s, a)[r + γVk(s′￼)]

Plicy improvement π(a |s) = arg maxa Qπ(s, a) = arg maxa ∑s′￼,r p(s′￼, r |s, a)[r + γVπ(s′￼)]

Vk+1(s) = max
a ∑

s′￼,r

p(s′￼, r |s, a)(r + γVk(s′￼))
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RL Diagram

• Unknown transition dynamics  

• Monte Carlo Prediction — Simulate . 

Let . Using Hoeffding’s inequality, given  trajectories/
samples for each state  

 

• Estimate  to do planning

P(rt+1 = r′￼, st+1 = s′￼|st = s, at = a)

Vπ(s), ∀s

Vπ(s) ∈ [0,T] n
s

Pr (1
n

n

∑
i=1

̂Vπ(s) − Vπ(s) ≥ ϵ) ≤ e− 2ϵ2
nT2

Qπ(s, a)
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On Policy and Off Policy

Environment react to a policy  μ

{Evaluate μ
Improve μ

On Policy Off Policy

Observe   

generated by a behavior policy  

However, goal is to  

   

without executing a target policy 

{(st, at, rt+1)}T
t=1

μ

{Evaluate π
Improve π

π
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RL  - TD Methods
Reference 
- FML Chapter 14 
- Sutton and Barto - Reinforcement Learning
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Temporal Difference Learning
We will introduce 

• SARSA: On-policy TD control 

• Q-learning: Off-policy TD control
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Introduction of TD Learning
TD methods are similar to 

• Dynamic programming 

since TD methods update estimates based in part on other learned 
estimates, without waiting for the final outcome  

• Monte Carlo methods 

since TD methods learn directly from raw experience without a model of 
the environment’s dynamics
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TD prediction
• TD methods only wait until the next time step to update the value estimates 

• At time  they immediately form a target and make an update using the 
observed reward  and the current estimate : 

         where  is the step size.

t + 1
rt+1 V(st+1)

V(st) ← V(st) + α(rt+1 + γV(st+1) − V(st)) α

Notice that  

• if the estimation is correct, then . 

• Similar to MC update except that it takes place at every step 

• Similar to DP methods, the TD method bases its update in part on an 
existing estimate — a bootstrapping method.

𝔼[rt+1] = V(st) − γV(st+1)
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TD Error

• TD error is , the error made in the estimate at 

time . 

• TD error  at time  depends on the next state and the next reward, 

therefore,  is not available until step . 

• Updating the value function with the TD error is called a backup.  

• Related to Bellman Equation. 

• Group Discussion

δt = rt+1 + γV(st+1) − V(st)
t

δt t
δt t + 1
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SARSA: On-policy TD Control

• On policy: execute an -greedy policy, evaluate an -greedy policy  

• Balances between exploration and exploitation using -greedy policy 

• Learns Q-function of an -greedy policy 

 

• This update is done after every transition from a non-terminal state . If  is 

terminal,  is defined as zero. 

ϵ ϵ

ϵ

ϵ

Q(st, at) ← Q(st, at) + α(rt+1 + γQ(st+1, at+1)−Q(st, at))
st st+1

Q(st+1, at+1)

state                      st

at={arg max
a

Q(st, a) w.p. 1 − ϵ
random w.p.  ϵ

− − − − − − − − − − − − ⟶
reward rt+1
state st+1

at+1={arg max
a

Q(st+1, a) w.p. 1 − ϵ
random w.p.  ϵ

− − − − − − − − − − − − − − ⟶
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SARSA: On-policy TD Control

• Maintain a table of  values, . Q(s, a) ∀(s, a)
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Q-learning: Off-Policy TD Control

state                      st

at={arg max
a

Q(st, a) w.p. 1 − ϵ
random w.p.  ϵ

− − − − − − − − − − − − ⟶
reward rt+1
state st+1

at+1=arg max
a

Q(st+1,a)
− − − − − − ⟶

• Off policy: execute an -greedy policy , evaluate a greedy policy  

• Balances between exploration and exploitation using -greedy policy 

• Learns the optimal Q-function 

 

• This update is done after every transition from a non-terminal state . If  is 

terminal,  is defined as zero. 

ϵ μ π

ϵ

Q(st, at) ← Q(st, at) + α(rt+1 + γmax
a′￼

Q(st+1, a′￼)−Q(st, at))
st st+1

Q(st+1, at+1)
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Q-learning: Off-Policy TD Control

• Maintain a table of  values, . Q(s, a) ∀(s, a)
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Expected SARSA: Variance Reduction

• SARSA - Update Q-function 

Q(st, at) ← Q(st, at) + α(rt+1 + γQ(st+1, at+1)−Q(st, at))

state                      st

at={arg max
a

Q(st, a) w.p. 1 − ϵ
random w.p.  ϵ

− − − − − − − − − − − − ⟶
reward rt+1
state st+1

at+1={arg max
a

Q(st+1, a) w.p. 1 − ϵ
random w.p.  ϵ

− − − − − − − − − − − − − − ⟶

• Expected SARSA - Update Q-function 

Q(st, at) ← Q(st, at) + α(rt+1 + γ∑
a′￼

π(a′￼|st+1)Q(st+1, a′￼)−Q(st, at))
• Expected sparse evaluates the Q values for  - can be either on- or off-policy 

• Q-learning is a special case of  expected SARSA where  is a greedy policy

π

π
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RL - Function Approximations



Outline
1. Introduction 

2. Bellman Equations 

3. Temporal Difference (TD) Methods 

4. Function Approximation for Value Functions 

5. Actor-critic Methods 

6. Deep Reinforcement Learning

29



Function Approximation for Value Functions
We will introduce 

• Value-function approximation 

• Gradient methods 

• Linear approximation and least-squares TD 

• Policy gradient methods 

• REINFORCE
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Value Function Approximation



Value-function Approximation
• Representing value function as a table is not possible for large state 

spaces or continuous state spaces 

• Parameterized function approximation with weight vector  

 

• Dimension of   is much less than the number of states ( )

θ ∈ ℝn

Vπ(s) ≈ ̂Vπ(s, θ)

θ n ≪ |𝖲 |
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Quality of the Value-function Approximation
• Mean Squared Value Error MSVE( ) 

 

• Typically choose  to be the occupancy frequency — the fraction of time spent in  under the 
target policy . 

• Let  denote the probability that an episode begins in state  

• Let  denote the average time steps spent in state  in a single episode 

• We solve the system of equations  to obtain  

• Then, 

θ

MSVE(θ) = ∑
s

dπ(s)(Vπ(s) − ̂Vπ(s, θ))2

dπ(s) s
π

hπ(s) s

eπ(s) s

eπ(s) = hπ(s) + ∑
s′￼

eπ(s′￼)∑
a

π(a |s′￼)p(s |s′￼, a) eπ(s)

dπ(s) =
eπ(s)

∑s′￼
eπ(s′￼)
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Gradient Method to Minimize MSVE( )θ
• If  is differentiable w.r.t. , we then update  as follows 

   

 

• A sample  consists of a state  and its true value under policy  

• We assume the states appear in examples with the same  distribution 

• In practice, true value not available. Solution: use a noisy estimate. If unbiased 
estimator is used,  is guaranteed to converge to a local optima for decreasing . 

• How to estimate the true value? Monte Carlo: 

̂Vπ(s, θ) θ = [θ1, θ2, …, θn]⊤ θ

θt+1 = θt −
1
2

α∇θ(Vπ(st) − ̂Vπ(st, θt))2

= θt −
1
2

α(Vπ(st) − ̂Vπ(st, θt))∇θ
̂Vπ(st, θt)

st ↦ Vπ(st) st π

d(s)

θt α
̂Vπ(st) = Rt
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Semi-gradient Methods

• Instead of MC, we use TD or DP updates for prediction using SGD, i.e., we 
perform bootstrapping, based on current value of the weight vector  

• The prediction will be biased, not a true gradient-based method

θt
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Example - Linear Approximation

• Linear function approximation  where  is the feature 
function. 

• Recall the SGD update  

• Under linear function approximation,   

• Therefore the SGD update for linear function approximation is 

̂Vπ(s, θ) = θ⊤ϕ(s) ϕ(s)

θt+1 = θt −
1
2

α(Vπ(st) − ̂Vπ(st, θt))∇θ
̂Vπ(st, θt)

∇θ
̂Vπ(st, θt) = ϕ(s)

θt+1 = θt −
1
2

α(Vπ(st) − θ⊤
t ϕ(st))ϕ(st)
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Semi-gradient TD update for Linear Function Approximation

• We use TD updates to estimate the true value  

 

 

 

 

• Once the system has reached steady state, for any given  , the expected next weight 

vector is  where  

• If the system converges to , then  

Vπ(st)
θt+1 = θt −

1
2

α(Vπ(st)−θ⊤
t ϕ(st))ϕ(st)

= θt −
1
2

α(rt+1 + γ ̂Vπ(st+1, θt)−θ⊤
t ϕ(st))ϕ(st)

= θt −
1
2

α(rt+1 + γθ⊤
t ϕ(st+1)−θ⊤

t ϕ(st))ϕ(st)

= θt −
1
2

α(rt+1ϕ(st) − ϕ(st)(ϕ(st) − γϕ(st+1))⊤θt)
θt

𝔼[θt+1 |θt] = θt + α(b − Aθt) {
b = 𝔼[rt+1ϕ(st)]

A = 𝔼[ϕ(st)(ϕ(st) − γϕ(st+1))⊤]

θ b − Aθ = 0
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Semi-gradient TD update for Linear Function Approximation

• Least-Squares TD 

• TD with linear function approximation converges asymptotically, for 
appropriate decreasing step sizes, to the TD fix point: 

 

 

 

• Therefore, we don’t need to compute the solution iteratively. Instead, 
we can calculate  and  and then find the fix point. 

θ = A−1b

A = 𝔼[ϕ(st)(ϕ(st) − γϕ(st+1))⊤]
b = 𝔼[rt+1ϕ(st)]

A b
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Policy Function Approximation



Policy Gradient Methods
• Policy gradient methods learn a parameterized policy that can select actions 

without needing to compute a value function 

• Policy  is parameterized with  

 

For instance, a Gibbs policy  where  denotes the feature functions. 

• Given a performance measure , the gradient is  

 

•  is typically .

π ω ∈ ℝn

π(a |s, ω) = p(at = a |st = s, ωt = ω)
π(a |s, ω) =

exp(ω⊤ψ(s, a))
∑a′￼

exp(ω⊤ψ(s, a′￼))
ψ(s, a)

J(ω)

ωt+1 = ωt + α∇ωJ(ωt)

J(ω) ∑
s

dπ(s) Vπ(ω)(s)
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Compared with Value-based Methods

• Pros: better convergence properties, effective in high-dim 
or continuous action space, can learn stochastic policies

• Cons: usually converge to local optimum, inefficient to 
evaluate, high variance



Policy Gradient Theorem

• Reward  

where  is the on-policy distribution under , i.e., the stationary distribution of 
Markov chain for : 

J(ω) = ∑
s

dπω(s)Vπω(s) = ∑
s

dπω(s)∑
a

Qπω(s, a)πω(a |s)

dπω π
πω dπω(s) = lim

t→∞
P(st = s |s0, πω)

42

Provides a nice reformation of the derivative of the objective function to not involve 
the derivative of the state distribution or the Q 

Theorem ∇ωJ(ω) ∝ ∑
s

dπω(s)∑
a

Qπω(s, a)∇ωπω(a |s)



Policy Gradient Theorem: Proof Sketch



Policy Gradient Theorem: Proof Details (1)



Policy Gradient Theorem: Proof Details (2)



Policy Gradient Theorem: Proof Details (2)



Policy Gradient Theorem: Proof Details (3)



Policy Gradient Theorem: Proof Details (3)



REINFORCE

• Policy Gradient Theorem  gives us an exact 

expression for the gradient. We need a sampling method whose expectation equals or 
approximates this expression. 

• We know that  

 

 

• Therefore,  can be evaluated through  ———— REINFORCE

∇ωJ(ω) = ∑
s

dπ(s)∑
a

Qπ(s, a)∇ωπ(a |s, ω)

𝔼Pr(st+1,rt+1|st),π(at|st,ω),st[γtRt
∇ωπ(at |st, ω)

π(at |st, ω) ] = 𝔼st[Qπ(st, π(at |st, ω))
∇ωπ(at |st, ω)

π(at |st, ω) ]
= ∑

s

dπ(s)∑
a

Qπ(s, a)
∇ωπ(a |s, ω)

π(a |s, ω)
π(a |s, ω) = ∇ωJ(ω)

∇ωJ(ω) 𝔼π[γtRt
∇ωπ(at |st, ω)

π(at |st, ω)
]
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REINFORCE
• Evaluate  through  

 

• Update the policy through  

 

• In case  is a Gibbs policy 

∇ωJ(ω)

𝔼π[γtRt
∇ωπ(at |st, ω)

π(at |st, ω)
] = 𝔼π[γtRt ∇ωlog π(at |st, ω)]

ωt+1 = ωt + αγtRt ∇ωlog π(at |st, ω)

π

∇log π(at |st, ω) = ψ(st, at) − ∑
a′￼

π(a′￼|st, ω)ψ(st, a′￼)
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REINFORCE

• An episodic Monte-Carlo Policy-Gradient Method
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Off-Policy Policy Gradient



Off-Policy Policy Gradient
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RL -Actor Critic & Intro to DRL



Actor-critic Methods
• A generalized policy iteration, alternating between a policy evaluation 

and a policy improvement step.  

•

56

actor improvement

critic evaluation evaluates the current   π

aims at improving current π



Relation to Other RL Methods
• Value-based methods 

• estimate the value function 

• policy is implicit (e.g., -greedy) 

• Policy-based methods 

• estimate the policy 

• no value function 

• Actor-critic methods 

• estimate the policy 

• estimate the value function

ϵ

57



Implementing a Critic
• The critic estimates the value of the current policy - prediction problem 

• Since the actor uses  values to choose actions, the critic must estimate 
the  function.  

• For small state-spaces, use tabular TD algorithms to estimate the  
function (SARSA, Q-learning, etc) 

• For large state-spaces, use LSTD to estimate the  function.

Q
Q

Q

Q
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Implementing an Actor
• Greedy improvement -  move the policy toward the greedy policy 

underlying the  function estimate obtained from the critic 

• For small state-action spaces: policy is greedy w.r.t. the obtained  
values 

• For large state-action spaces: policy is parameterized and the greedy 
action is computed on the fly 

• Policy gradient - perform policy gradient directly on the performance 
surface  underlying the chosen parametric policy class

Q

Q

J(ω)

59



Variance Reduction in Policy gradient
• Instead of using  as in REINFORCE, 

we use  since we have 

estimated  values in the Critic.  

• Further we use an advantage function  

instead of  since  

•

∇ωJ(ω) = 𝔼π[γtRt ∇ωlog π(at |st, ω)]
∇ωJ(ω) = 𝔼π[γtQπ(st, at)∇ωlog π(at |st, ω)]

Q

Aπ(st, at) = Qπ(st, at) − Vπ(st)
Qπ(st, at) 𝔼π[γtVπ(st)∇ωlog π(at |st, ω)] = 0
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Deep Reinforcement Learning
• Deep reinforcement learning refers to using a neural network to 

approximate the value function, the policy or the model.  

• Nonlinear function approximate might be “rich” 

• However, it may not give any interpretation or the estimate might be stuck 
at the local optima due to the non-convexity of the optimization 
landscape
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Value-Based Algorithms



Deep Neural Networks
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Weight Sharing in Deep Neural Networks
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Q-networks
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Deep Q-Learning (DQN)

last 4 frames of gameplay



Deep Q-networks
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Deep Q-networks



Deep Q-Learning (DQN)
Key mechanisms

• Experience replay: store (s,a,r,s’) in a replay buffer, and randomly sample 
instances from the buffer to remove correlations in the data



Deep Q-Learning (DQN)
Key mechanisms

• Experience replay: store (s,a,r,s’) in a replay buffer, and randomly sample 
instances from the buffer to remove correlations in the data 

• Target network: the parameters of the target network (network to 
compute Q-values) are updated periodically and held fixed in between, to 
reduce the correlations between action values Q and the target r + γ 
maxa′ Q(s′ , a′ )



Extensions of DQN



Prioritized Replay

73

[Schaul et al., 2015]



Double DQN

74

[van Hasselt et al., 2015]



Dueling Q-network

75

[Wang et al., 2015]



Dueling Q-network
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[Wang et al., 2015]



DRL

Furong Huang
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Outline
1. Introduction 

2. Bellman Equations 

3. Temporal Difference (TD) Methods 

4. Function Approximation for Value Functions 

5. Actor-critic Methods 

6. Deep Reinforcement Learning
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Policy Gradient Algorithms
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Policy Approximation
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Advantage Actor-Critic (A2C)
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Advantage Actor-Critic (A2C)
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• A3C consists of multiple 
independent agents(networks) 
with their own weights, who 
interact with a different copy of 
the environment in parallel. 

• Results: they can explore a 
bigger part of the state-action 
space in much less time.

•

Asynchronous Advantage Actor-Critic (A3C)
(Mnih et al., 2016)
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Deep Deterministic Policy Gradient (DDPG)
(Lillicrap et al. 2016)

• DDPG is an off-policy algorithm. 

• DDPG can only be used for environments with continuous action spaces. 

• DDPG can be thought of as being deep Q-learning for continuous action 
spaces.

DDPG ≈ Actor-Critic + DQN
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Deep Deterministic Policy Gradient (DDPG)
(Lillicrap et al. 2016)

85



Deep Deterministic Policy Gradient (DDPG)
(Lillicrap et al. 2016)
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Trust Region Policy Optimization (TRPO)
(Schulman et al. 2015)
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Trust Region Policy Optimization (TRPO)
(Schulman et al. 2015)
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Trust Region Policy Optimization (TRPO)
(Schulman et al. 2015)
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Trust Region Policy Optimization (TRPO)
(Schulman et al. 2015)
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Trust Region Policy Optimization (TRPO)
(Schulman et al. 2015)

91



Trust Region Policy Optimization (TRPO)
(Schulman et al. 2015)
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Trust Region Policy Optimization (TRPO)
(Schulman et al. 2015)
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Trust Region Policy Optimization (TRPO)
(Schulman et al. 2015)
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Proximal Policy Optimization (PPO)
(Schulman et al. 2017)
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• TRPO, PPO, A3C: on-policy, sample inefficient 

• DQN, DDPG: off-policy, sensitive to hyperparameters 
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Model-based Methods
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Why Model-based RL?
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The Basic Approach
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Save Samples with Model Learning
The “SimPLe” framework [Kaiser, et al. 2019]
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From mathematical foundations 
to reliable agent learning
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Function approximation enables scale and introduces new failure modes
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Deep RL Methods

• Model-free 

• Value-based: DQN, Double DQN, Rainbow DQN, PER, Retrace, … 

• Policy-based (usually actor-critic): A2C, A3C, DDPG, TRPO, PPO, … 

• Model-based 

• use dynamics model to simulate 

• use model to initialize model-free learners 

• use model to regularize learned representation 
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On-policy and Off-policy
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