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Introduction
The core idea in reinforcement learning is to create an abstract ”agent” that
maps an action-value function using a neural network. The agent interacts with
a defined environment, which in this case are the financial markets and a universe
of investible assets. At step t the agent observes state st , (e.g. portfolio position,
relative performance over an index etc.) and enacts action at , e.g. buy long, sell
short etc. The aforementioned mapping is the policy π(a|s), and the action value
function is Qπ (s, a) = E[Rt |st = s, at = a, π], where R is the sum of discounted
rewards over time. The Q function is iterated recursively using the Bellman
Equation, represented over a neural net architecture which can be thought of as
solving a dynamic programming problem defined over stochastic controls.
Given that asset pricing is a sub-problem of asset selection, it follows that
the mapping of e.g. dataset inputs of securities’ fundamentals to their price
has a Markovian structure. The minimizing control process is found by standard
machine learning loss optimization. One caveat is that the scope of this report will
not cover the standard machine learning optimization concepts, finance theory
on contingent claims and Fundamental Analysis, or rigorously prove the network
architecture’s capability of approximating any Borel-measurable functions.

Double Deep Q-Network
The sum of discounted rewards Rt sought to be maximised by the agent, where
the discount is the trade-off between immediate and future rewards, is:
Rt =

∞
X

γ τ −t rτ ,

γ ∈ [0, 1].

(1)

τ =t

For an agent behaving according to stochastic policy π, the state-action pair
value is:
Qπ (s, a) = E[Rt |st = s, at = a, π].

(2)

V π (s) = Ea∼π(s) [Qπ (s, a)].

(3)

The state value is:
The state-action Q function computed recursively:
Qπ (s, a) = E0s [r + γEa0 ∼π (s0 )[Qπ (s0 , a0 )]|s, a, π].

(4)

Taking the optimal Q∗ (s, a) = maxπ Qπ (s, a), the Bellman Equation is satisfied by:
Q∗ (s, a) = Es [r + γ max
Q∗ (s0 , a0 )|s, a].
(5)
0
a

The advantage function is the value of acted actions over simply being in the
current state, and has Ea0 ∼π [Aπ (s, a)] = 0:
Aπ (s, a) = Qπ (s, a) − V π (s).

(6)

The Q network with parameters θ optimized using Huber Loss over iteration
i:
(
1 DDQN
(y
− Q(s, a; θi ))2
for |y − Q| ≤ δ,
2 i
Li (θi ) =
(7)
DDQN
1 2
δ|yi
− Q(s, a; θi )| − 2 δ otherwise.
The architecture maintains 2 Q-networks, with another ”target” network with
parameter θ− , receive updates over N iterations (i.e. θ− is copied over from
previous episodes). In addition, the max operator evaluating actions is separate
from the state evaluation:
yiDDQN = r + γQ(s0 , argmax Q(s0 , a0 , θi ); θ− ).

(8)

a0

At time t of the agent’s interaction with the environment, it stores the experience tuple et = (st , at , rt , st+1 ) into a dataset Dt = (e1 , ..., et ). Mini-batches are
sampled uniformly from D at random and the optimization for each mini-batch
is:
∇θi Li (θi ) = [yiDDQN − Q(s, a; θi )∇θi Q(s, a; θi )].
(9)

Dueling Deep Q-Network
It turns out that Fundamental Analysis and pricing of derivatives do not
occupy every step t and iteration i for predicting the security’s price in the interests of portfolio construction. For some state V , the action advantage A should
be separately estimated, whilst sharing a common convolutional feature learning
module, and recombined at the end to obtain the Q value. In general, we are faced
with two different paradigms of attacking the problem of noise in policy π(a|s).
One, assume a stochastic policy whereby the cost-minimized optimal control for
Q∗ is non-anticipative of diffusion and drift of relevant stochastic elements in
the state space S. If we characterize the optimization and training process for
some units of time, due to the Markov property ∀s ∈ S, every state element is
”reinitalized” for the next episode. Two, and in the interest of the DDQN model
discussed in this report, we use a Temporal Difference (TD) policy which updates
the views on ”old” states given the observation of immediate rewards. By (8), the
separation of the action evaluation can operate by sampling all possible actions,
independent of the Q estimation policy until the aforementioned N iterations. Q
corresponding to st updates according to st+1 .
At recombination of both action and state ”streams”, with α and β being the
parameters for action and state values respectively:
Q(s, a; θ, α, β) = V (s; θ, β) + (A(s, a; θ, α) − max
(A(s, a; θ, α)).
0
a ∈|A

(10)
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