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Lecture Outline

1. Neural Nets 

2. Deep RL = RL + Neural Nets 

3. Algorithms: DQN, TRPO/PPO
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The Reinforcement Learning Loop
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“Tabular” Reinforcement Learning
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The Promise of Deep Reinforcement Learning
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4. T (s0 | s, a) is a probability distribution on next states
given a state and action,

5. � 2 [0, 1) is a discount factor, indicating how much the
agent prefers immediate reward over future reward.
The solution to an MDP is called a policy, denoted ⇡ :

S 7�! A. Similarly to the bandits problem, the agent’s goal
is to solve for a policy that maximizes long term expected re-
ward, defined by the value function, V ⇤ : S 7�!

h
0, RMAX

1��

i
,

given by the classic Bellman Equation:

V ⇤(s) = max
a

 
R(s, a) + �

X

s0

T (s0 | s, a)V ⇤(s0)

!
.

Also of interest is the action-value function, Q⇤ : S ⇥
A 7�! R, which specifies the long term expected reward of
executing an action in a state and behaving optimally there-
after:

Q⇤(s, a) = R(s, a) + �
X

s0

T (s0 | s, a)V ⇤(s0). (2)

For further background on RL, see the work of Sutton and
Barto (1998) and Kaelbling, Littman, and Moore (1996).

Learning Algorithms
Due to its simplicity and efficiency, we experiment with the
LinUCB algorithm developed by Li et al. (2010). LinUCB
adapts the core ideas of the UCB (Upper Confidence Bound)
algorithm (Auer, Cesa-Bianchi, and Fischer 2002) to deal
with contexts. At a high level, LinUCB assumes the under-
lying reward is determined by a linear payoff matrix ✓ and
maintains a running estimate ✓̂. The critical piece of the al-
gorithm is its exploration strategy, which calculates a con-
fidence interval on the difference between the agent’s esti-
mate of the expected reward and the actual return, which is
factored into an overall score for each action. At each round,
the agent then selects the action with maximal score accord-
ing to:

⇡(s) = argmax
a2A

 
X

i

xa
i ŵ

a
i + �a

!
, (3)

where �a represents the confidence interval associated with
action a.

SARSA (Rummery and Niranjan 1994) maintains an esti-
mate of Q⇤ via updates after each experience hs, a, r, s0, a0i,
updating according to the rule:

Q̂(s, a) = (1� ⌘)Q̂(s, a) + ⌘(r + �Q̂(s0, a0)), (4)

where ⌘ 2 [0, 1] is a learning rate. The linear approxima-
tor extends tabular SARSA to domains where states are de-
scribed by feature vectors, s = [s1 s2 . . . sk]. Here, Q̂
is parameterized by a set of k-vectors wa, where each vector
corresponds to action a’s parameters across the state vari-
ables. We pair SARSA with a typical ✏-greedy policy.

We chose these two algorithms to illustrate that online,
efficient, and lightweight algorithms can be effective in the
solar domain. We chose not to experiment with any Deep

RL approaches like the DQN (Mnih et al. 2015), as Deep
RL typically requires more computational power (and often
GPUs, which expend more energy), which may be unavail-
able or limited in our setting. Evaluating the relative data and
energy efficiency is a topic for further exploration.

Simulated Experiments
We introduce a simulated environment to validate the use of
learning algorithms for solar panel control. There are four
stages to the simulation (1) Computing the sun’s location in
the sky, relative to the panel, (2) Computing Rd, Rf , and Rr,
(3) Computing ✓d, ✓f , and ✓r, (4) Generating percepts.

The solar panel control problem is modeled by an MDP
where the energy received at each timestep defines the re-
ward and the actions change the panel’s angle. We allow for
two types of state description:

1. simple Four variables describing the orientation of the
panel and the angles describing the relative location of
the sun in the sky.

2. image: 256 variables denoting greyscale pixel intensities
of a 16x16 synthesized image of the sky with cloud cover.
Example images appear in Figure 2.

Figure 2: Example images given to the RL agents.

The learning agents have two different action spaces de-
pending on the number of axes of freedom offered to the
panel and the type of agent. In the single axis case, SARSA
has three actions: tilt forward, tilt back, and do nothing. Lin-
UCB has one action for each possible discrete orientation of
the panel. In the dual axis case, the RL agent has two ex-
tra forward and back actions that allow the panel to rotate
along the other axis, and the bandit algorithm has an action
for each possible orientation along both axes.

We set each panel action to move the panel 5� in the spec-
ified direction, where the agents take an action every five
minutes of simulated wall clock time. We set the reflective
index to 0.55 (the index of concrete), the uncertainty param-
eter of LinUCB to 2.0, and ✏ and ⌘ to 0.1 and 0.05 respec-
tively for SARSA. We used an annealing schedule where:

⌘t = max
�
(0.0001 ⇤ t ⇤ ⌘0)2, 0

 
,

✏t = max
�
(0.0001 ⇤ t ⇤ ✏0)2, 0

 
,

with t denoting the current timestep of the agent’s learn-
ing process. For more details on the simulation, see ear-
lier versions of this work (Abel, Reif, and Littman 2017;
Abel et al. 2017).

We primarily experimented with a single-axis panel in
simulation to parallel our prototype. We compare the ef-
fectiveness of a traditional solar tracker—Algorithm 2 of

action
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the panel. In the dual axis case, the RL agent has two ex-
tra forward and back actions that allow the panel to rotate
along the other axis, and the bandit algorithm has an action
for each possible orientation along both axes.

We set each panel action to move the panel 5� in the spec-
ified direction, where the agents take an action every five
minutes of simulated wall clock time. We set the reflective
index to 0.55 (the index of concrete), the uncertainty param-
eter of LinUCB to 2.0, and ✏ and ⌘ to 0.1 and 0.05 respec-
tively for SARSA. We used an annealing schedule where:

⌘t = max
�
(0.0001 ⇤ t ⇤ ⌘0)2, 0

 
,

✏t = max
�
(0.0001 ⇤ t ⇤ ✏0)2, 0

 
,

with t denoting the current timestep of the agent’s learn-
ing process. For more details on the simulation, see ear-
lier versions of this work (Abel, Reif, and Littman 2017;
Abel et al. 2017).

We primarily experimented with a single-axis panel in
simulation to parallel our prototype. We compare the ef-
fectiveness of a traditional solar tracker—Algorithm 2 of

action
<latexit sha1_base64="jOJplmYs/Bew9FK4MhpBvET+sos="></latexit>⇡

=



Recap: Linear Value Function Approximation
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x(s) = hx1(s), x2(s), . . . , xd(s)i
state features
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Issue: Linearity!
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v̂(s,w) = w>x(s) =
dX

i=1

wixi(s)

Linear representation of value

But, limited…
Linear is: simple!



Enter: Neural Nets
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Enter: Neural Nets — General Purpose Function Approximators
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Theorem. Neural Networks are Universal Approximators (Informal). 

For any continuous function on the reals                , there will exist a neural 
network that approximates that function.
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Deep RL
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Value-Based
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Deep Q-Networks by Mnih et al. (2013, 2015)
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Neural Nets: A Brief History
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Rosenblatt, 1958Perceptron: 1943 by McCulloch and Pitts



Perceptron and the XOR
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AI Winter: 1974-1980
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The Lighthill Report
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https://www.youtube.com/watch?v=03p2CADwGF8



Multilayer Perceptrons
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Multilayer Perceptrons
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Multilayer Perceptrons
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Multilayer Perceptrons
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AlexNet, 2010s Boom
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Krizhevsky, Sutskever, Hinton (2012)

State of the art on computer vision tasks of the time!



Deep RL: The Algorithmic Journey
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DQN

2013

Mnih et al.

TRPO

2015

Schulman et al.

Alpha Go

2016

Silver et al.

PPO

2017

Schulman et al.

+ Double Q-learning, Rainbow, A3C, DDPG, Soft Actor-Critic, Distributional RL…



Deep Q-Networks (DQN, Mnih et al. 2015)
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Deep Q-Networks [Mnih et al., 2015]

• Use replay buffer and target networks
⇒ First successful application of deep neural networks to reinforcement learning

• Play Atari games beyond human level

16



Deep Q-Networks (DQN, Mnih et al. 2015)
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Deep Q-Networks [Mnih et al., 2015]

• Use replay buffer and target networks
⇒ First successful application of deep neural networks to reinforcement learning

• Play Atari games beyond human level

16

Discussion (2 minutes): 

Given an RGB image of breakout as state, does the Markov property hold?



Deep Q-Networks (DQN, Mnih et al. 2015)
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Deep Q-Networks (DQN, Mnih et al. 2015)
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Deep Q-Networks [Mnih et al., 2015]

• Use replay buffer and target networks
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Deep Q-Networks [Mnih et al., 2015]

• Use replay buffer and target networks
⇒ First successful application of deep neural networks to reinforcement learning

• Play Atari games beyond human level

16

4 frames = state



Deep Q-Networks (DQN, Mnih et al. 2015)
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Deep Q-Networks (DQN, Mnih et al. 2015)
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sometimes a nonlinear function approximator is used instead, such as a neural
network. We refer to a neural network function approximator with weights h as a
Q-network.AQ-network canbe trainedby adjusting the parameters hi at iteration
i to reduce the mean-squared error in the Bellman equation, where the optimal
target values rzc maxa0 Q! s0,a0ð Þ are substituted with approximate target values
y~rzc maxa0 Q s0,a0; h{i

! "
, using parameters h{i from some previous iteration.

This leads to a sequence of loss functions Li(hi) that changes at each iteration i,

Li hið Þ~ s,a,r Es0 yDs,a½ %{Q s,a; hið Þð Þ2
# $

~ s,a,r,s0 y{Q s,a; hið Þð Þ2
# $

zEs,a,r Vs0 y½ %½ %:

Note that the targets depend on the network weights; this is in contrast with the
targets used for supervised learning, which are fixed before learning begins. At
each stage of optimization, we hold the parameters from the previous iteration hi

2

fixed when optimizing the ith loss function Li(hi), resulting in a sequence of well-
defined optimization problems. The final term is the variance of the targets, which
does not depend on the parameters hi that we are currently optimizing, and may
therefore be ignored. Differentiating the loss function with respect to the weights
we arrive at the following gradient:

+ hi L hið Þ ~ s,a,r,s0 rzcmax
a0

Q s0,a0; h{i
! "

{Q s,a; hið Þ
% &

+hiQ s,a; hið Þ
' (

:

Rather than computing the full expectations in the above gradient, it is often
computationally expedient to optimize the loss function by stochastic gradient
descent. The familiar Q-learning algorithm19 can be recovered in this framework
by updating the weights after every time step, replacing the expectations using
single samples, and setting h{i ~hi{1.
Note that this algorithm is model-free: it solves the reinforcement learning task

directly using samples from the emulator, without explicitly estimating the reward
and transition dynamics P r,s0Ds,að Þ. It is also off-policy: it learns about the greedy
policya~argmaxa0Q s,a0; hð Þ, while following abehaviour distribution that ensures
adequate exploration of the state space. In practice, the behaviour distribution is
often selected by an e-greedy policy that follows the greedy policy with probability
12 e and selects a random action with probability e.
Training algorithm for deep Q-networks. The full algorithm for training deep
Q-networks is presented in Algorithm 1. The agent selects and executes actions
according to an e-greedy policy based on Q. Because using histories of arbitrary
length as inputs to a neural network can be difficult, our Q-function instead works
on a fixed length representation of histories produced by the function w described
above. The algorithmmodifies standard online Q-learning in two ways to make it
suitable for training large neural networks without diverging.
First, we use a technique known as experience replay23 in which we store the

agent’s experiences at each time-step, et5 (st,at, rt, st1 1), in a data setDt5 {e1,…,et},
pooled over many episodes (where the end of an episode occurs when a termi-
nal state is reached) into a replaymemory. During the inner loop of the algorithm,
we apply Q-learning updates, or minibatch updates, to samples of experience,
(s, a, r, s9),U(D), drawn at random from the pool of stored samples. This approach
has several advantagesover standardonlineQ-learning. First, each stepof experience
is potentially used inmanyweight updates, which allows for greater data efficiency.
Second, learning directly from consecutive samples is inefficient, owing to the strong
correlations between the samples; randomizing the samples breaks these correla-
tions and therefore reduces the variance of the updates. Third, when learning on-
policy the current parameters determine the next data sample that the parameters
are trained on. For example, if themaximizing action is tomove left then the train-
ing samples will be dominated by samples from the left-hand side; if themaximiz-
ing action then switches to the right then the training distributionwill also switch.
It is easy to seehowunwanted feedback loopsmay arise and the parameters could get
stuck inapoor localminimum,or evendivergecatastrophically20. Byusingexperience

replay the behaviour distribution is averaged over many of its previous states,
smoothing out learning and avoiding oscillations or divergence in the parameters.
Note that when learning by experience replay, it is necessary to learn off-policy
(because our current parameters are different to those used to generate the sam-
ple), which motivates the choice of Q-learning.
In practice, our algorithm only stores the last N experience tuples in the replay

memory, and samples uniformly at random fromDwhenperforming updates. This
approach is in some respects limited because the memory buffer does not differ-
entiate important transitions and always overwrites with recent transitions owing
to the finite memory size N. Similarly, the uniform sampling gives equal impor-
tance to all transitions in the replaymemory. Amore sophisticated sampling strat-
egy might emphasize transitions from which we can learn the most, similar to
prioritized sweeping30.
The second modification to online Q-learning aimed at further improving the

stability of our method with neural networks is to use a separate network for gen-
erating the targets yj in the Q-learning update. More precisely, every C updates we
clone the network Q to obtain a target network Q̂ and use Q̂ for generating the
Q-learning targets yj for the followingC updates toQ. Thismodificationmakes the
algorithmmore stable compared to standard online Q-learning, where an update
that increasesQ(st,at) often also increasesQ(st1 1,a) for alla andhence also increases
the target yj, possibly leading to oscillations or divergence of the policy. Generating
the targets using anolder set of parameters adds a delay between the time anupdate
to Q is made and the time the update affects the targets yj, making divergence or
oscillations much more unlikely.
We also found it helpful to clip the error term from the update rzc maxa0 Q

s0,a0; h{i
! "

{Q s,a; hið Þ to be between 21 and 1. Because the absolute value loss
function jxj has a derivative of21 for all negative values of x and a derivative of 1
for all positive values of x, clipping the squared error to be between21 and 1 cor-
responds to using an absolute value loss function for errors outside of the (21,1)
interval. This formof error clipping further improved the stability of the algorithm.
Algorithm 1: deep Q-learning with experience replay.
Initialize replay memory D to capacity N
Initialize action-value function Q with random weights h
Initialize target action-value function Q̂ with weights h25 h
For episode5 1,M do
Initialize sequence s1~ x1f g and preprocessed sequence w1~w s1ð Þ
For t5 1,T do

With probability e select a random action at
otherwise select at~argmaxaQ w stð Þ,a; hð Þ
Execute action at in emulator and observe reward rt and image xt1 1

Set stz1~st ,at ,xtz1 and preprocess wtz1~w stz1ð Þ
Store transition wt ,at ,rt ,wtz1

! "
in D

Sample random minibatch of transitions wj,aj,rj,wjz1

) *
from D

Set yj~
rj if episode terminates at step jz1

rjzc maxa0 Q̂ wjz1,a
0; h{

) *
otherwise

(

Perform a gradient descent step on yj{Q wj,aj; h
) *) *2

with respect to the
network parameters h
Every C steps reset Q̂~Q

End For
End For

31. Jarrett,K., Kavukcuoglu,K., Ranzato,M.A.&LeCun,Y.What is thebestmulti-stage
architecture for object recognition?Proc. IEEE. Int.Conf.Comput.Vis.2146–2153
(2009).

32. Nair, V. & Hinton, G. E. Rectified linear units improve restricted Boltzmann
machines. Proc. Int. Conf. Mach. Learn.807–814 (2010).

33. Kaelbling, L. P., Littman, M. L. & Cassandra, A. R. Planning and acting in partially
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Exploration!

Parameter update



DQN: Limitations

30

θ

<latexit sha1_base64="8CWq5t1RnmlOFusmdhJ8K2MYAbc="></latexit>

Q

1) Minimal exploration 

2) Troubles with delayed, sparse reward 

3) Only applicable to discrete action space 

4) No convergence guarantees 

5) Highly sensitive to hyper parameters



Critic

<latexit sha1_base64="6bLTl2swpwDaz0cEMbjj6UQwtWg="></latexit>

St

<latexit sha1_base64="mst6ScYdDQpeMx6OlnhRKSJmvsQ="></latexit>

v̂(St, w)

Alg. 2a: Trust Region Policy Optimisation (TRPO, Schulman et al. 2016)
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w
Actor

θ

<latexit sha1_base64="6bLTl2swpwDaz0cEMbjj6UQwtWg="></latexit>

St

<latexit sha1_base64="WaPyXua+3raVmy960RMGbiC85Mc="></latexit>

⇡(At | St, ✓)



Alg. 2a: Trust Region Policy Optimisation (TRPO, Schulman et al. 2016)
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Actor
θ

<latexit sha1_base64="6bLTl2swpwDaz0cEMbjj6UQwtWg="></latexit>

St

<latexit sha1_base64="WaPyXua+3raVmy960RMGbiC85Mc="></latexit>

⇡(At | St, ✓)

<latexit sha1_base64="da5dSVY7CjiD026z2xYWDkRBaPI="></latexit>⇡1

<latexit sha1_base64="KbcE5WNLxKWkkZzD8wgBC1UTnsU="></latexit>⇡2

<latexit sha1_base64="kiNyMb+u/byOCCKSXekOUwFCkC0="></latexit>⇡3

<latexit sha1_base64="gtx9zRS1V79O6YZT9JaxmSAxcyk="></latexit>⇡4

<latexit sha1_base64="Iq10ePlKXGaNe1Dv3gYVUwAg7ds="></latexit>{Problem: Big updates 
yield instability!



Alg. 2a: Trust Region Policy Optimisation (TRPO, Schulman et al. 2016)
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Actor
θ

<latexit sha1_base64="6bLTl2swpwDaz0cEMbjj6UQwtWg="></latexit>

St

<latexit sha1_base64="WaPyXua+3raVmy960RMGbiC85Mc="></latexit>

⇡(At | St, ✓)

<latexit sha1_base64="da5dSVY7CjiD026z2xYWDkRBaPI="></latexit>⇡1

<latexit sha1_base64="KbcE5WNLxKWkkZzD8wgBC1UTnsU="></latexit>⇡2

<latexit sha1_base64="kiNyMb+u/byOCCKSXekOUwFCkC0="></latexit>⇡3

<latexit sha1_base64="gtx9zRS1V79O6YZT9JaxmSAxcyk="></latexit>⇡4

TRPO Main Idea: Keep updates in “Trust Region”



Alg. 2a: Trust Region Policy Optimisation (TRPO, Schulman et al. 2016)
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Actor
θ

<latexit sha1_base64="6bLTl2swpwDaz0cEMbjj6UQwtWg="></latexit>

St

<latexit sha1_base64="WaPyXua+3raVmy960RMGbiC85Mc="></latexit>

⇡(At | St, ✓)

<latexit sha1_base64="da5dSVY7CjiD026z2xYWDkRBaPI="></latexit>⇡1

<latexit sha1_base64="KbcE5WNLxKWkkZzD8wgBC1UTnsU="></latexit>⇡2

<latexit sha1_base64="kiNyMb+u/byOCCKSXekOUwFCkC0="></latexit>⇡3

<latexit sha1_base64="gtx9zRS1V79O6YZT9JaxmSAxcyk="></latexit>⇡4

TRPO Main Idea: Keep updates in “Trust Region”



Alg. 2a: Trust Region Policy Optimisation (TRPO, Schulman et al. 2016)
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Actor
θ

<latexit sha1_base64="6bLTl2swpwDaz0cEMbjj6UQwtWg="></latexit>

St

<latexit sha1_base64="WaPyXua+3raVmy960RMGbiC85Mc="></latexit>

⇡(At | St, ✓)

<latexit sha1_base64="da5dSVY7CjiD026z2xYWDkRBaPI="></latexit>⇡1

<latexit sha1_base64="KbcE5WNLxKWkkZzD8wgBC1UTnsU="></latexit>⇡2

<latexit sha1_base64="kiNyMb+u/byOCCKSXekOUwFCkC0="></latexit>⇡3

<latexit sha1_base64="gtx9zRS1V79O6YZT9JaxmSAxcyk="></latexit>⇡4

TRPO Main Idea: Keep updates in “Trust Region”



Alg. 2a: Trust Region Policy Optimisation (TRPO, Schulman et al. 2016)
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Actor
θ

<latexit sha1_base64="6bLTl2swpwDaz0cEMbjj6UQwtWg="></latexit>

St

<latexit sha1_base64="WaPyXua+3raVmy960RMGbiC85Mc="></latexit>

⇡(At | St, ✓)

TRPO Advantages

1) Works with continuous action spaces 

2) Trust region can yield stability

TRPO Disadvantage

1) Trust region implementation uses KL



Alg. 2a: Trust Region Policy Optimisation (TRPO, Schulman et al. 2016)
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TRPO Disadvantage

1) Trust region implementation uses KL

<latexit sha1_base64="da5dSVY7CjiD026z2xYWDkRBaPI="></latexit>⇡1

<latexit sha1_base64="KbcE5WNLxKWkkZzD8wgBC1UTnsU="></latexit>⇡2

<latexit sha1_base64="kiNyMb+u/byOCCKSXekOUwFCkC0="></latexit>⇡3

<latexit sha1_base64="gtx9zRS1V79O6YZT9JaxmSAxcyk="></latexit>⇡4

<latexit sha1_base64="OMUYwKXqYKTiP0+3OZNcXa+jFeM="></latexit>

Es⇠⇡✓t
DKL(⇡✓t+1(· | s) || ⇡✓t(· | s))  �



Alg. 2b: Proximal Policy Optimisation (PPO, Schulman et al. 2016)
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<latexit sha1_base64="da5dSVY7CjiD026z2xYWDkRBaPI="></latexit>⇡1

<latexit sha1_base64="KbcE5WNLxKWkkZzD8wgBC1UTnsU="></latexit>⇡2

<latexit sha1_base64="kiNyMb+u/byOCCKSXekOUwFCkC0="></latexit>⇡3

<latexit sha1_base64="gtx9zRS1V79O6YZT9JaxmSAxcyk="></latexit>⇡4

<latexit sha1_base64="OMUYwKXqYKTiP0+3OZNcXa+jFeM="></latexit>

Es⇠⇡✓t
DKL(⇡✓t+1(· | s) || ⇡✓t(· | s))  �

Uses policy ratio instead:

<latexit sha1_base64="mOixF8yuuAs21eVXpGgaFIHh6o0="></latexit>

min

✓
⇡✓t+1(a | s)
⇡✓t(a | s) , 1 + ✏

◆
A⇡✓t (s, a)…for details, see PPO paper



Alg. 2b: Proximal Policy Optimisation (PPO, Schulman et al. 2016)
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Optional Reading

40

DQN

2013

Mnih et al.

TRPO

2015

Schulman et al.

Alpha Go

2016

Silver et al.

PPO

2017

Schulman et al.

Double Q-learning         Rainbow          DDPG               Soft Actor-Critic
Van Hasselt (2016)

Hessel et al. (2018)

Lillicrap et al. (2018)

Haarnoja et al. (2018))


