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We consider a general class of mean field control problems described by stochastic
delayed differential equations of McKean-Vlasov type. Two numerical algorithms are
provided based on deep learning techniques, one is to directly parameterize the
optimal control using neural networks, the other is based on numerically solving
the McKean-Vlasov forward anticipated backward stochastic differential equation
(MV-FABSDE) system. In addition, we establish the necessary and sufficient stochastic
maximum principle of this class of mean field control problems with delay based on the
differential calculus on function of measures, and the existence and uniqueness results
are proved for the associated MV-FABSDE system under suitable conditions.
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1. INTRODUCTION

Stochastic games were introduced to study the optimal behaviors of agents interacting with each
other. They are used to study the topic of systemic risk in the context of finance. For example,
in Carmona et al. [1], the authors proposed a linear quadratic inter-bank borrowing and lending
model, and solved explicitly for the Nash equilibrium with a finite number of players. Later, this
model was extended in Carmona et al. [2] by considering delay in the control in the state dynamic
to account for the debt repayment. The authors analyzed the problem via a probabilistic approach
which relies on stochastic maximum principle, as well as via an analytic approach which is built on
top of an infinite dimensional dynamic programming principle.

Both mean field control and mean field games are used to characterize the asymptotic behavior
of a stochastic game as the number of players grows to infinity under the assumption that all the
agents behave similarly, but with different notion of equilibrium. The mean field games consist of
solving a standard control problem, where the flow of measures is fixed, and solving a fixed point
problem such that this flow of measures matches the distribution of the dynamic of a representative
agent. Whereas, the mean field control problem is a non-standard control problem in the sense that
the law of state is present in the McKean-Vlasov dynamic, and optimization is performed while
imposing the constraint of distribution of the state. More details can be found in Carmona and
Delarue [3] and Bensoussan et al. [4].

In this paper, we considered a general class of mean field control problem with delay effect in
the McKean-Vlasov dynamic. We derived the adjoint process associated with the McKean-Vlasov
stochastic delayed differential equation, which is an anticipated backward stochastic differential
equation of McKean-Vlasov type due to the fact that the conditional expectation of the future of
adjoint process as well as the distribution of the state dynamic are involved. This type of anticipated
backward stochastic differential equations (BSDE) was introduced in Peng and Yang [5], and for
the general theory of BSDE, we refer Zhang [6]. The necessary and sufficient part of stochastic
maximum principle for control problem with delay in state and control can be found in Chen
and Wu [7]. Here, we also establish a necessary and sufficient stochastic maximum principle based
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on differential calculus on functions of measures as we consider
the delay in the distribution. In the meantime, we also prove
the existence and uniqueness of the system of McKean-Vlasov
forward anticipated backward stochastic differential equations
(MV-FABSDE) under some suitable conditions using the method
of continuation, which can be found in Zhang [6], Peng and
Wu [8], Bensoussan et al. [9], and Carmona et al. [2]. For a
comprehensive study of FBSDE theory, we refer to Ma and Yong
[10].

When there was no delay effect in the dynamic, Ma et al.
[11] proved the relation between the solution to the FBSDE and
quasi-linear partial differential equation (PDE) via “Four Step
Scheme.” E et al. [12] and Raissi [13] explored the use of deep
learning for solving these PDEs in high dimensions. However,
the class of fully coupled MV-FABSDE considered in our paper
has no explicit solution. Here, we present one algorithm to
tackle the above problem by means of deep learning techniques.
Due to the non-Markovian nature of the state dynamic, we
apply the long short-term memory (LSTM) network, which is
able to capture the arbitrary long-term dependencies in the
data sequence. It also partially solves the vanishing gradient
problem in vanilla recurrent neural networks (RNNs), as was
shown in Hochreiter and Schmidhuber [14]. The idea of our
algorithm is to approximate the solution to the adjoint process
and the conditional expectation of the adjoint process. The
optimal control is readily obtained after the MV-FABSDE being
solved. We may also emphasize that the way that we present here
for numerically computing conditional expectation may have a
wide range of applications, and it is simple to implement. We
also present another algorithm solving the mean field control
problem by directly parameterizing the optimal control. Similar
idea can be found in the policy gradient method in the regime
of reinforcement learning [15] as well as in Han and E [16].
Numerically, the two algorithms that we propose in this paper
yield the same results. Besides, our approaches are benchmarked
to the case with no delay for which we have explicit solutions.

The paper is organized as follows. We start with an N-player
game with delay, and let number of players goes to infinity to
introduce a mean field control problem in section 2. Next, in
section 3, we mathematically formulate the feedforward neural
networks and LSTM networks, and we propose two algorithms
to numerically solve the mean field control problem with delay
using deep learning techniques. This is illustrated on a simple
linear-quadratic toy model, however with delay in the control.
One algorithm is based on directly parameterizing the control,
and the other depends on numerically solving the MV-FABSDE
system. In addition, we also provide an example of solving
a linear quadratic mean field control problem with no delay
both analytically, and numerically. The adjoint process associated
with the delayed dynamic is derived, as well as the stochastic
maximum principle is proved in section 4. Finally, the uniqueness
and existence solution for this class of MV-FABSDE are proved
under suitable assumptions via continuation method in section 5.

2. FORMULATION OF THE PROBLEM

We consider an N-player game with delay in both state and
control. The dynamic (X})o<;<r for player i € {1,..., N} is given

by a stochastic delayed differential equation (SDDE),

dX! = b'(t, X, Xs_palyal_)dt + 0 (6, X, Xs_p 0l ol )dW,

t € (0,T],

) ) (2.1)
X = xg5
Xj=aj=0; te[-1,0),
for T > 0, T > 0 given constants, where X; = (th, cee ,Xf]),

and where ((Wf)te[o,T])izl,...,N are N independent Brownian
motions defined on the space (2, F,P), (F)o<t<r being the
natural filtration of Brownian motions.

,0):[0,T] x xRN xRN x A x A — R xR,

are progressively measurable functions with values in R. We
denote A a closed convex subset of R, the set of actions
that player i can take, and denote A the set of admissible
control processes. For each i € {1,..., N}, A-valued measurable
processes (a})o<;<7 satisfy an integrability condition such that

B[S, lajPdt] < +oc.
Given an initial condition xo = (x(l), co,xNy e RN, each
player would like to minimize his objective functional:

T
Ji(a)zE[/ f"(t,xt,xt_f,a;')dt+g"(XT)}, 2.2)
0

for some Borel measurable functions f:[0, T] x RN x RN x A —
R,andg' : RN — R.

In order to study the mean-field limit of (X;)se[o,1], We assume
that the system (2.1) satisfy a symmetric property, that is to
say, for each player i, the other players are indistinguishable.
Therefore, drift b and volatility o'in (2.1) take the form of

Vo))t X, Xi—psabal ) = (U, a6 XL N, X1l ok ol ),

and the running cost f’ and terminal cost g are of the form

Ft X0 Xz o)) = f{(t, Xy, Xi_o i, rf) and g'(X7)
=g (xb, 1),

where we use the notation u!N for the empirical distribution of
X = (X', -+, X"N) at time ¢, which is defined as

1N
N __ .
Hi _NZ I‘SXi'
]:

Next, we let the number of players N go to +o0o before we
perform the optimization. According to symmetry property and
the theory of propagation of chaos, the joint distribution of
the N dimensional process (X;)o<i<T = (Xl,...,Xf\])OStST
converges to a product distribution, and the distribution of
each single marginal process converges to the distribution of
(Xt)o<t<t of the following McKean—Vlasov stochastic delayed
differential equation (MV-SDDE). For more detail on the
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argument without delay, we refer to Carmona and Delarue [3]
and Carmona et al. [17].

dXt = b(t, Xt, Mts Xt—l" Mi—1,0f 01 )dt

+O(t)Xt) Mt:Xt—‘D /’Lt—‘r:at)at—‘[)dwt) te (0> T]> (2 3)
Xo = x0, '
Xi=a;=0, te[-1,0).

We then optimize after taking the limit. The objective for each
player of (2.2) now becomes

T
](Ol) = IE [A f(Xta /'Lt)th'E) ,utffaat)dt +g(XT> PLT):| > (24)

where we denote ;.= L£(X;) the law of X;.

3. SOLVING MEAN-FIELD CONTROL
PROBLEMS USING DEEP LEARNING
TECHNIQUES

Due to the non-Markovian structure, the above mean-field
optimal control problem (2.3 and 2.4) is difficult to solve either
analytically or numerically. Here we propose two algorithms
together with four approaches to tackle the above problem
based on deep learning techniques. We would like to use two
types of neural networks, one is called the feedforward neural
network, and the other one is called Long Short-Term Memory
(LSTM) network.

For a feedforward neural network, we first define the set of
layers Ms’h, for x € RY, as

M, = {M:R? > R"|M(x) = p(Ax + b),A € R", b e R"}.

(3.1)
d is called input dimension, 4 is known as the number of hidden
neurons, A € R"*9 is the weight matrix, b € R is the bias vector,
and p is called the activation function. The following activation
functions will be used in this paper, for some x € R,

PrReLU (%) = xT = max(0,%);  ps(x) = 1=
Pranh (%) = tanh(x);  pp(x) = x.
Then feedforward neural network is defined as a composition

of layers, so that the set of feedforward neural networks with [
hidden layers we use in this paper is defined as

NN} = (M:R% — R%|M = Moo M oM,
PReLU PId . PReLU + .
My € Mdl)hl M € Mhl’dz,M, € Mhi’hm,h‘ eZ"i=1,...,1—1}.

(3.2)

The LSTM network is one of RNN architectures, which are
powerful for capturing long-range dependence of the data. It
is proposed in Hochreiter and Schmidhuber [14], and it is
designed to solve the shrinking gradient effects which basic
RNN often suffers from. The LSTM network is a chain of

cells. Each LSTM cell is composed of a cell state, which
contains information, and three gates, which regulate the flow of
information. Mathematically, the rule inside ¢th cell follows,

Ty =ps(Arx + Urar—1 + by),

I, =ps(Aix; + Uiai—1 + by),

Lo, =ps(Aoxs + Upar—1 + by),
¢t =I'f, © ct—1+ Tiy © panh(Acxe + Ucar—1 + be),
at =I'6; O Prann(cr),

(3.3)

where the operator © denotes the Hadamard product.
(T, Uiy Top) € R" x R" x RF represents forget gate, input gate
and output gate, respectively, h refers the number of hidden
neurons. x; € RY is the input vector with d features. a; € R is
known as the output vector with initial value agp = 0, and ¢; € R”
is known as the cell state with initial value ¢g = 0. A. € R"*4
are the weight matrices connecting input and hidden layers,
U. € R" are the weight matrix connecting hidden and output
layers, and b € R" represents bias vector. The weight matrices
and bias vectors are shared through all time steps, and are
going to be learned during training process by back-propagation
through time (BPTT), which can be implemented in Tensorflow
platform. Here we define the set of LSTM network up to time ¢ as

LSTMy,, = {M (RY xR xR > REXRY | M(xo, . . ., %0,
ag, o) = (ap ¢)s ¢ = Iy, Ocr—1+ i, © pranh (Acxe + Uear—1 +be),

air = FO[ O ptanh(ct)>a0 =C = O}> (34)

where [y, i, Ty are defined in (3.3).

In particular, we specify the model in a linear-quadratic form,
which is inspired by Carmona et al. [2] and Fouque and Zhang
[18]. The objective function is defined as

T
J@=E [ f (10& + Lo m»z) i+ %y - mT)Z} ,
0

2
(3.5)
subject to
dXt :((Xt —Oltf-,;)dt‘i‘O'th, te [0, T],
Xo =xo, (3.6)
X =a; =0, te [—T, 0),
where o, ¢f, ¢t > 0 are given constants, and m; = fR xd e (x)

denotes the mean of X at time ¢, and u; = L(X;). In the
following subsections, we solve the above problem numerically
using two algorithms together with four approaches. The first
two approaches are to directly approximate the control by
either a LSTM network or a feedforward neural network, and
minimize the objective (3.5) using stochastic gradient descent
algorithm. The third and fourth approaches are to introduce the
adjoint process associated with (3.6), and approximate the adjoint
process and the conditional expectation of adjoint process using
neural networks.
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3.1. Approximating the Optimal Control

Using Neural Networks

We first set At = T/N = t/D for some positive integer N. The
time discretization becomes
—T=tp=<tpp=<-=Zth=0=tr<tH=<---<tn=<T,
forti—ti-y = At, i € (-D+1,---,0,---,N — I,N}. The
discretized SDDE (3.6) according to Euler-Maruyama scheme
now reads

Xiyy = Xe+(oy—ay, ) At+o v/ AtAWy, fori € {0,--- ,N—1},

(3.7)
where (AW} )o<i<n—1 are independent, normal distributed
sequence of random variables with mean 0 and variance 1.

First, from the definition of open loop control, and due to
non-Markovian feature of (3.6), the open-loop optimal control
is a function of the path of the Brownian motions up to time ¢,
ie., a(t, (Ws)o<s<t). We are able to describe this dependency by
a LSTM network by parametrizing the control as a function of
current time and the discretized increments of Brownian motion

path, i.e.,

(at,"ct,') = (Pl(ti) (AWS)t()SSSti|q>1) for(pl € LSTMZ,hI,t

and ®' = (A7, A, Ao, A, Uy, Us, Us, U, by, by, bo, be),
alti (Woig<s<t) = ¥ (ag| W) for ' € My | and W' = (4,b),
(3.8)

for some h; € Z1. We remark that the last dense layer is used to
match the desired output dimension.

The second approach is again directly approximate the control
but with a feedforward neural network. Due to the special
structure of our model, where the mean of dynamic in (3.6)
is constant, the mean field control problem coincides with the
mean field game problem. In Fouque and Zhang [18], authors
solved the associated mean field game problem using infinite
dimensional PDE approach, and found that the optimal control
is a function of current state and the past of control. Therefore,
the feedforward neural network with [ layers, which we use to
approximate the optimal control, is defined as

oy Xy, (0s)_p<s<t;) %%ﬁz(xn, (as)ti,ussstimﬂ)
for y? € NNb, | |, W2 = (Ag, bo, ..., Ap by).
(3.9)
From Monte Carlo algorithm, and trapezoidal rule, the objective

function (3.5) now becomes

M

1 ; _
]=MZ[<( )2+ f(Xﬁ{f—XtO)ZJr

j=1
N-—1 ) )
3 ((aE{))Z +o (X)) — XI,Y)
i=1

1 i c At ¢ i -
+ Sl + Lo - xtN)2> Et(Xg}—xtN)z], (3.10)

where M denotes the number of realizations and X =
ﬁ Zj‘ilx(f) denotes the sample mean. After plugging in the
neural network either given by (3.8) or (3.9), the optimization
problem becomes to find the best set of parameters either
(®', w') or W? such that the objective J(@L, Wl or J(W2) is
minimized with respect to those parameters.

The algorithm works as follows:

Algorithm 1: Algorithms for solving mean field control
problem with delay by directly approximating the optimal
control using neural networks

Initialization of parameters ®@; = (®!, W) for approach 1
(3.8) or ®; = (W?) for approach 2 (3.9);
for each epoche =1,2,... do

e Generate AW € RM*N for Awg) = Wj; ~ N(0, 1),
jef{l,...,M}andie{l,...,N};
o o —0fori={-D,. —1} Vji

Xg) =Xy = x0, & (’) R goo (@ ), Vj, for some network
¢ given by (3.8) or by (3.9) at ty with proper inputs;

o J =3 2j=13( ((1/))2%?
for (i=0,. —1)do
o XV =x0 v (@) o )At+o/AIAWD, Y
M ()
o Xt1+1 = ]\1/[ Z]:l Xl’;'l+1 >
afjil (pijil (©,), ¥j, is given by either (3.8) or (3.9)
attiyr;
if i =N — 1) then
o =
c _
]+ M <%(¢fx+l)2 f(XtH —XtiH)Z)%;
else
o | =
J+ 3 M (2(¢fz+1)2 Cf (Xtm XtiJrl)z)At
end
end
o J=T+ M ax? — Ry )2V
e Compute the gradient VJ(®,) by backpropagation
through time ;

e Stop if J(®,) converges, or |[V]J(®,)| < § for some
threshold 8, and return O;

e Otherwise, update ®,;1 = ©, — nVJ(O,), according
to stochastic gradient descent algorithm, for some
learning rate n > 0 small ;

end

In the following graphics, we choose xo = 0,¢f = ¢; = 1,0 =
I, T = 10,t = 4,At = 0.1, M = 4,000. For approach 1, the
neural network ¢ € NN, which is defined in (3.2), is composed
of 3 hidden layers with di = 42,h; = 64,h, = 128,h3 =
64,d, = 1. For approach 2, the LSTM network ¢ € LSTM,
which is defined in (3.4), consists of 128 hidden neurons. For
a specific representative path, the underlying Brownian motion
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paths are approximately the same for different approaches.
Figure 1 compares one representative optimal trajectory of the
state dynamic and the control, and they coincide. Figure 2 plots
the sample average of optimal trajectory of the state dynamic and
the control, which are trajectories of approximately 0, and this is
the same as the theoretical mean.

3.2. Approximating the Adjoint Process

Using Neural Networks

The third and fourth approaches are based on numerically
solving the MV-FABSDE system using LSTM network and
feedforward neural networks. From section 4, we derive the
adjoint process, and prove the sufficient and necessary parts of
stochastic maximum principle. From (4.7), we are able to write
the backward stochastic differential equation associated to (3.6)
as,

Yy = —¢f(Xy —my)dt + Z,dW,, t € [0, T1, (3.11)

with terminal condition Yy = ¢(Xr — mr), and Yy = 0 for
s € (T, T + t]. The optimal control (&)o<¢<T can be obtained in
terms of the adjoint process Y; from the maximum principle, and
it is given by

ar = =Y + E[Yio | F].

From the Euler-Maruyama scheme, the discretized version of
(3.6) and (3.11) now reads, fori = {0,...,N — 1},

Xt,ur] :Xt,' + (&ti — &t,‘,D)At + o AtAWt,.,where Ath. ~ N(O, 1)
(3.12)
(3.13)

where we use the sample average X, = ﬁij\ilxt@
to approximate the expectation of X;. In order to solve
the above MV-FABSDE system, we need to approximate
(Y, E[Yy o | F ) ZtDo<ti<ty -

The third approach consists of approximating
(Y, E[Y4, | F5)s Zt)o<ti<ty using three LSTM networks as
functions of current time and the discretized path of Brownian
motions, respectively, i.e.,

YtH»l =Yt[ — Cf(Xti — th)At + Zti\/ AtAWti,

() = " (ti (AW <5< | DY)
for ¢¥ € LSTM, p,,; and
oF = (A}, AT, AY, AL UYL UY, Uy, UY bbby b)),
Yy, ~ wy(a,’:\\lly) fory¥ e M%’Iand\lly = (AY,p"),

(@, ) = o (1, (A W)y <o, | )
for of¥ € LSTM, 4y, and

O = (AFT AP, ALY ALY URY UPY U UEY b b ) B,

E[Yy, 1 F] ~ ¢ (af " 195) for y* e Mj2 and W™ = (AR, pF),

(@fs c2) = 9% (ti (AW <5<, | D7)
for p? € LSTMy .1,
and &7 = (A7, a7, A%, AL, U, UF, UL, UZ, b, b7 0F, b7),
Zy, ~ Y * (@ )W) for ¥ € Mj? andW” = (4%, b7), (3.14)

for some hy, hgy, hy € ZT. Again, the last dense layers are used
to match the desired output dimension.

Since approach 3 consists of three neural networks with large
number of parameters, which is hard to train in general, we
would like to make the following simplification in approach 4
for approximating (Y, E[ Yy, | F41, Zs;)ty<t:<ty Via combination
of one LSTM network and three feedforward neural networks.
Specifically,

(at,') Ct,‘) = §0(ti> (AWS)t()SSSt,'|q>)
for ¢ € LSTM,,,, and
® = (Ap, A, Aoy Ac, Up, Uy, Us, U, by, by, b, be),
Yi ~ wY(atilllly) for 1//Y € NN;11 and
WY = AL by, AT b)) ElYy, | )
~ WEY(atil\DEY) for wEY € NNL1 and
EY EY LEY EY LEY
Vo = (Ag, by . LA BT,
Zy ~ wz(ati|lDZ) for 1//Z € NNL’I and
W2 = (A§,V5,... AL b]).

(3.15)

In words, the algorithm works as follows. We first initialize the
parameters (OY, 08, %) = ((dY, W), (®FY, wEY) (dZ, w?))
either in (3.14) or (©Y,0F,0%) = ((@,¥"), V), v?%)
in (3.15). At time 0, Xy = xo, (Y(),]E[YtDU'—()],Z()) ~
((pg(@)y),(pgy(G)EY),(pg(@Z)) for some network (p¥, Y, %)
given by either (3.14) or (3.15), and ag = —Yy, + E[Y;,|F,].
Next, we update X, and Y, , according to (3.12), and the
solution to the backward equation at #;+1 is denoted by Y, ,. In
the meantime, Yy, is also approximated by a neural network.
In such case, we refer to Y. as the label, and Y. given by the
neural network as the prediction. We would like to minimize
the mean square error between these two. At time T, Y3 is also
supposed to match ¢/ (Xy, — )_(,N), from the terminal condition
of (3.11). In addition, the conditional expectation E[Y;, ,|F]
given by a neural network should be the best predictor of Yy, ,
which implies that we would like to find the set of parameters
OFY such that E[(?tiw — (ng(GEY))Z] is minimized for all
ti € {to,...,tn—p}. Therefore, for M samples, we would like to
minimize two objective functions L; and L, defined as

M ) .
+ Z (thN’(’) - Ct(Xg\z - )'QN))2 } (3.16)

EY.() o) \?
<(pti W Yt(iIJrD) :

The algorithm works as follows:
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Algorithm 2: Algorithms for solving mean field control
problem with delay according to MV-FABSDE

Initialization of parameters (@7, ©Y, ®%) for approach 3
asin (3.14) or approach 4 as in (3.15);
for each epoche = 1,2,... do

e Generate AW e RM*N for AWt(j) = AWj; ~ N(0,1),
je{l,...,M}andie{l,...,N};

’“E _Oforze{ —D,...,—1},Vj;

o XY =X = x0, Vs (YU’ ElY) 7)) ~
( @), goOY(”(oEY) s (@f)) given by either

(3.14) or by (3.15); o &~ —g ¥ 4 g£"0
o L1(0),0%) =0, L) =0;

attp;

for (i=0,. V—1)do .
o XV =XV 1+ @) — o )At+ovAIAWD,V;
)
° XtH»l = 1\1/[ Z] IXZ(,]+1 >
o 7V —v) (X)) — XAt + 2 SAIAWD Vi

1f(z <N-— D) then
)
® (Yt(x]+1 E[Yt(x]+1+n|‘7:fx+1] Zt,+1)
Y, EY, Z, .
(%,fl’)@f ) wt,.ﬂ(’ (OFY), wt,ff)(@f )) ,Vj given
by (3. 14) orby (3.15) at tjy; ;

M (Y0 o0\
o L1+ = j= 1<(pti+1] - Yti]+l) >
else
)
° (Yl(]ﬂ E[Yt(]+1+n|‘7:ti+l] ZE]H)

Y, Zj .
(%,f]])(@g)’ 0, gotiff)(@f)) ,Vj given by (3.14) or
by (3. 15) attiyr;

Y,(j) )
o Lit= j= 1<(ptr+(1l t(1]+l) >
end
end
for (i=0,1,. N—D)do
EY
o Lot =3 (-7, )
end
Y = \\2
o Lt =4 2 (o - ) = X)) s

e Compute the gradient VL (©Y,0%) and VL, (OFY)
by backpropagation through time;

e Stop if L; (®Y, ®%) are close to 0, and L, (OFY)
converges, return (0Y, O @%);

e Otherwise, update ®Y ®eZ+1 and G)f_{l according to

e+1”
SGD algorithm;
end
Again, in the following graphics, we choose xo = 0,¢f =
¢ = lLo = 1L,T = 10,t = 4At = 0LM =

4,000. In approach 3, each of the three LSTM networks
approximating Y, E[Y;4p|F;] and Z;; consists of 128 hidden
neurons, respectively. In approach 4, the LSTM consists of 128
hidden neurons, and each of the feedforward neural networks has
parameters d; = 128,h; = 64,hy = 128,h; = 64,d, = 1. For
a specific representative path, the underlying Brownian motion
paths are the same for different approaches. Figure 3 compares
one representative optimal trajectory of the state dynamic and

the control via two approaches, and they coincide. Figure 4 plots
the sample average of optimal trajectory of the dynamic and the
control, which are trajectories of 0, which is the same as the
theoretical mean. Comparing to Figures 1, 2, as well as based on
numerous experiments, we find that given a path of Brownian
motion, the two algorithms would yield similar optimal trajectory
of state dynamic and similar path for the optimal control. From
Figure 6, the loss L; as defined in (3.16) becomes approximately
0.02 in 1,000 epochs for both approach 3 and approach 4. This
can also be observed from Figure 5, since the red dash line and
the blue solid line coincide for both left and right graphs. In
addition, from the righthand side of Figure 6, we observe the loss
L, as defined in (3.16) converges to 50 after 400 epochs. This is
due to the fact that the conditional expectation can be understood
as an orthogonal projection. Figure 7 plots 64 sample paths of the
process (Zy,)t,<t;<ty> Which seems to be a deterministic function
since o is constant in this example. Finally, Figure 8 shows the
convergence of the value function as number of epochs increases.
Both algorithms arrive approximately at the same optimal value
which is around 6 after 400 epochs. This confirms that the
out control problem has a unique solution. In section 5, we
show that the MV-FASBDE system is uniquely solvable. It is
also observable that the first algorithm converges faster than
the second one, since it directly paramerizes the control using
one neural network, instead of solving the MV-FABSDE system,
which uses three neural networks.

3.3. Numerically Solving the Optimal
Control Problem With No Delay

Since the algorithms we proposed embrace the case with no delay,
we illustrate the comparison between numerical results and the
analytical results. By letting t > T we obtain o;—; = 0 in (3.6),
and we aim at solving the following linear-quadratic mean-field
control problem by minimizing

T
J(@)=E [/O (%af + %f(Xt — mt)2> dt + %(XT — mT)z} .

(3.17)
subject to

dXt = O{tdt + O'th,
Xo = xp.

t € [0,T], (3.18)

Again, from section 4, we find the optimal control
&t = _Yt,

where (Y}, Z;) is the solution of the following adjoint process,

dYt = _Cf(Xt — mt)dt + thWt~ (319)
Next, we make the ansatz
Y = ¢i(Xy — my), (3.20)

for some deterministic function ¢, satisfying the terminal
condition ¢ = ¢;. Differentiating the ansatz, the backward
equation should satisfy

dY; = (¢r — ¢P(Xe — my)dt + ¢ dWy, (3.21)
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Comparison of Two Sample Trajectories of (Xg<t=T
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FIGURE 1 | On the left, we compare one representative optimal trajectory of (X )i, <; <1, - The plot on the right show the comparison of one representative optimal
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FIGURE 2 | On the left, we compare the sample mean of optimal trajectories of (X; )i, <<ty The plot on the right show the comparison of sample mean of trajectories
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where ¢, denotes the time derivative of ¢. Comparing with
(3.19), and identifying the drift and volatility term, ¢y must satisfy
the scalar Riccati equation,

¢ =67 — ¢, (3.22)
¢T = Ct»
and the process Z; should satisfy
Zt = ¢r0, (3.23)

which is deterministic. If we choose xy = 0, g=c¢=1L1LT=10,
¢: = 1 solves the Riccati equation (3.22), so that Z; = 1, Vt €
[0, T], and from (3.20), the optimal control satisfies

6[[ = —(Xt - mt). (324)

Numerically, we apply the two deep learning algorithms
proposed in the previous section. The first algorithm

directly approximates the control. According to the open
loop formulation, we set

(at,'a Ct,') = (P(tb (AWS)tofsﬁt,‘ |<D)
for ¢ € LSTM, ,; and
d = (Af) Ai) Ao: AC: Uf> Ui) UO’ Uc: bf> bi> bO) bc))

alti,(We)iy=s<i;) ~ ¥(ay|W) for r € M, and W = (4,b),

(3.25)
for some h € Z*. We remark that the last dense layer is used
to match the desired output dimension. The second algorithm
numerically solves the forward backward system as in (3.18)
and (3.19). From the ansatz (3.20) and the Markovian feature,
we approximate (Y, Z)o<i<1 using two feedforward neural
networks, i.e.,

Yy ~ 9t X W) for ! e NNb |, Wl = (A, 0),..., AL b));

Zi, ~ (4, Xq | W) for Y2 € NN, |, W2 = (A3, 13, ..., A7, ).

(3.26)
Figure 9 shows the representative optimal trajectory of (X; —
Xito<ti<ty and (), <t<ry from both algorithms, which are

Frontiers in Applied Mathematics and Statistics | www.frontiersin.org

May 2020 | Volume 6 | Article 11


https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org
https://www.frontiersin.org/journals/applied-mathematics-and-statistics#articles

Fouque and Zhang

Deep Learning for Delay MFC

Comparison of Two Sample Trajectories of (Xdo<¢=<1

Comparison of Two Sample Trajectories of (af)o<t=1

10 4
151 — (a:)a=:=7 from approach 3
0.5 === (@:)ost=7 from approach 4
10 1
0.0 1
0.5 1
X 05 &
0.0 1
-1.0 4
-0.5
-15 = (X:)azt=7from approach 3
=== (X:)asts7from approach 4
T T T T T T _lo T T T T T T T T
0 2 4 6 8 10 -4 =2 0 2 4 6 8 10
Time Time

FIGURE 3 | On the left, we compare one representative optimal trajectory of (X )i, <¢ <1, - The plot on the right shows the comparison of one representative optimal
trajectory of (o), <t <1, etween approach 3 and approach 4.
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FIGURE 4 | On the left, we compare the sample mean of optimal trajectories of (X )i, <t <ty -
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FIGURE 5 | Plots of representative trajectories of [(Y4)t, <t <ty » (\'Q, o<ti<tw» B[, 5 | Ft Do <t <ty ], from approach 3 (one the left) and from approach 4 (on the right).
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FIGURE 6 | Convergence of loss L1 (on the left) and convergence of loss L (on the right) as defined in (3.16) from approach 3 and approach 4.
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FIGURE 7 | 64 trajectories of (Z; )¢, <1 <1, based on approach 3 (on the left) and approach 4 (on the right).
exactly the same. The symmetry feature can be seen from the
computation (3.24). On the left of Figure 10 confirms the mean
of the processes (X;, — Xy,)y<t;<ty and (&, )<, <ty are 0 from n —— approach
both algorithms. The right picture of Figure 10 plots the data e -~ approach 2
points of x against «, and we can observe that the optimal control i . — approach 3
iy
« is linear in x as a result of (3.24), and the slope tends to be - 12 ‘:} -~ approach 4
1, since ¢ = 1 solves the scalar Riccati equation (3.22). Finally, )
Figure 11 plots representative optimal trajectories of the solution g -
to the adjoint equations (Y, Z;). On the left, we observe that the °
adjoint process (Y;)o</< matches the terminal condition, and on
the right, (Z;)o<¢<T appears to be a deterministic process of value 84
1, and this matches the result we compute previously.
[

4. STOCHASTIC MAXIMUM PRINCIPLE

FOR OPTIMALITY

In this section, we derive the adjoint equation associated to
our mean field stochastic control problem (2.3) and (2.4). The
necessary and sufficient parts of stochastic maximum principle

FIGURE 8 | Comparison convergence of objective values as in (3.10) among

four approaches.
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FIGURE 9 | Representative optimal trajectory of (X;, —)_(t,)tost,sw and (o), <<t from algorithm 1 (on the left) and from algorithm 2 (on the right).
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have been proved for optimality. We assume

(H4.1) b,o are differentiable with respect to
(Xp, ot Xp—ps ht—r>ap,00—7); f is differentiable with
respect to (Xy, s, Xi—1, he—r, ) g is differentiable with
respect to (X, ;). Their derivatives are bounded.

In order to simplify our notations, let 6; = (Xy, iy, ). For
0 < € < 1, we denote o€ the admissible control defined by

of = o+ €(Br —ay) = + €Aay,

for any (a)o<t<r and (Blo<i<r € A. Xj = X?E is the

corresponding controlled process. We define

XE — X9
VX, = lim ———L

e—0 €

to be the variation process, which should follow the following
dynamic for t € (0, T,

dVX; =[8xh(t, 01, 01— )V Xy + 0y, b(t, 6, 01— )VXi—¢
+ E[8,b(t, 01, 61— V(X)) VX ] 4 E[0,,, b(t, 0, 60 ) Xi—2) Vi1 ]

+ Ba b(t, Qt, 9,_,)Aat + aar b(t, 9;, Gt_t)Aat_r]dt

+ |:8x0'(t, O, 0r—c )V Xy + 0x, 0 (8,601,010 ) VX1
+E[3,0 (.6, 61— ) X)VX(] + E[0)0, 0 (£, 01, 0r— ) Ke—1 ) V]

+ 8ua(t, 0;, gtf‘[)Aat + Bafa(t, 0[, Ot,,)Aat,,]dW, (41)

with initial condition VX; Aoy 0, t € [-1,0).
(X:, VXy) is a copy of (X, VX;) defined on (Q, F,P), where we
apply differential calculus on functions of measure, see Carmona
and Delarue [3] for detail. 0yb, 0y, b,0,b,0,,b,04b,0,, b are
derivatives of b with respect to (Xp, Xi—7, ibes ht—7> Ot O—1 ),
respectively, and we use the same notation for 9.0.

In the meantime, the Gateaux derivative of functional @ —
J(@) is given by

I J(@€) = J(@)

m ———

e—0 €

=E [0.8(Xr. i) VX + E[0,8(Xr, ) (%) V11|

T
+E / [axﬂet,xf_z,m_r)vxt [0, (0 Xerr e R V]
0
+ 0%, f (01 Xt—vs t—) VX + E[au,f(Qr,Xt—m Mt—r)(xt—r)vxt—r]

+ 9 f (O, Xy Mt—r)(AOlt)]df
(4.2)
In order to determine the adjoint backward equation of
(Y1, Zt)o<t<T associated to (2.3), we assume it is of the following
form:

dYt = —(/)tdt + thWt, te [0, T],

Next, we apply integration by part to VX; and Y. It yields

d(VXY) =Y, [axb(t, 01,0i—2)VX; + 0, b(t, 01, 0—1)VX—o
+ E[8,,b(t, 01,0, )X VX(] + E[d,, b(t, 05, 0r—o)(Xi—) VX ]

T b(t, 66,0 ) Aty + Do, b(t,9t,9t_f)Aat_,:|dt

+ Y |:ax0(t> O1,60;—2) + 0y, 0(L,0:,6i—)VXi_¢
+ E[8,0 (.01, 0,—0)(X)VX,] + E[8y, 0 (.01, 0—2)Xi—1)VXi—:]

+ 90 (t, 01, 01— ) Acty + 04, 0(L, ebet—r)AaL‘fr]th — o/ VX, dt

+ VX ZidWr + Zt|:ax0'(ta 01, 01— )V Xy

+ 8,0 (66,00 )VXi—r + E[8,0(t,6:, 60— )(X)VX,]
+ B8y, 0 (t, 01 0r— ) Xe—e)VXir] + 800(t, 64 0i—c) Ay

+ 3at0'(t, Ot gt—t)Aat—r]dt
We integrate from 0 to T, and take expectation to get
E[VXrYr]
T
=5 [0 b0 6 VX, -+ 800000 i
0
+ E[aub(t> 9t> Otf'r)(Xt)VXt] + E[BMT b(t> 9t> etft)(itfr)vj(tfr]

+ Bab(t,Qt,Qt,T)Aar —+ 8a1b(t,9t,9t71)A(Xt7t]dt

T T
—E / (ptVX,dt + E / Zl’ |:8xa(t, Gt, 9[—‘[)VXt
0 0

+ 85,0 (661,60 ) VXi—r + E[8,0(t,6:, 60— )(X)VX;]
+ B8y, 0 (1,00 0—0) Xi—0 ) VXi—c] + 30 (1,60, 0—1) ety

+ aarO'(t, Ot Qt—r)Aatfr]dt (4~4)

Using the fact that Y, = Z;, = 0 for t € (T, T + 7], we are able
to make a change of time, and by Fubini’s theorem, so that (4.4)
becomes

T
E[VXrYr] = E/ (Ytaxb(t: 04, 0t—2) + Yiy 0 0x, b(t + 7,011, 6;)
0

+ IE[E)M b(t, 01, Gr— ) (X))

+ IE[BHT b(t + 7, ét-f—b ét)(Xt)> VXtdt

T
+E/ (aab(t, 01, 0,—7) + aar b(t + t, [/, 9:)) Aaydt
0

T T
— ]E[/ <p,VX,]dt + E/ (Ztaxa(t, Or,6:—1)
0 0

+ Zipe B, 0 (t+ T, 0142, 0) + E[8,0 (1,61, 61— ) (X0)]

+E[y,0(t+T, 91+,,91)<Xf>) VX,dt

T
Yr = 9:g(Xt, 1) + El0,8(Xr, nr)(X1)], (4.3) +E[0 <3a‘7(f’ Or, Or—7) + e, 0 (£ + T’9t+z»9r)) Aot
Yi=2Z=0, te(T,T+r1] (4.5)
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Hamiltonian H for
[0,T] x R x P,(R) x R x

Now we define the

(t, 2, 1 Xps g, )5 2,0, 7)€
P(R) x RxR x A x Aas

H(t, x, s X, [z, 0, O, 5 2)
= b(t, x, W, Xz, Nr>a)ar))’+ o (b, %, [ X5 g, O, 07 )Z

+f(t,x)l/~>xr, [,L-[,(Y) (46)

Using the terminal condition of Y7, and plugging (4.5) into (4.2),
and setting the integrand containing VX; to zero, we are able to
obtain the adjoint equation is of the following form

dy; = — {axH(t’Xt) s Xi—s t—z> Ot Oy, Y1, Zt)

+ B[, H(t, Xp s Xivo it @t @1, Vi Z)(X))]
4+ E[0x, H(t + T, Xtg15 Uit Xts ts Qv Uty Yo, Zeyo )| Ftl
+ E[]E[%,H(t + T, Xt ftos Koo ot @t @ty Ve Zt+‘r)

X+ F] }dt + Z dW;

Yr =8,¢(Xr, 1) + E[8,8(Xr, wr)(X1)].
(4.7)

Theorem 4.1. Let (o¢)o<i<T € A be optimal, (X;)o<i<T be the
associated controlled state, and (Y, Zy)o<i<T be the associated
adjoint processes defined in (4.7). For any B € A, and t € [0, T,

(%H(l‘, X, > Xt—r» im0ty Ap—z, Y, Zt)

+ B[00, H(t + T, Xt o5 Mtgrs Xos Mots Opgr> Qs Yt+1:)Zt+r)|-7:t]>

(B—or) >0ae.
(4.8)

Proof: Given any (B;)o<i<T € A, we perturbate o; by €(8; — o)
and we define of = oy + €(f; — o) for 0 < € < 1. Using the
adjoint process (4.7), and apply integration by parts formula to
(VX;Y;). Then plug the result into (4.2), and the Hamiltonian H
is defined in (4.6). Also, since « is optimal, we have

J(a€) — J(a)

€

T
=E / <[3aH(f» Ot 60—z, Y1, Zt)+
0

0 < lim
e—0
E[0, H(t + 7,614,061, Yt+r>Zt+r)|~7:t]>(ﬂt —ag)dt (4.9)

Now, let C € F; be an arbitrary progressively measurable set,
and denote C' the complement of C. We choose B; to be ; =
Blc + a1 for any given B € A. Then,

T
E / <[3aH(t, 01, 6—7, Y1, Zyt)
0

+ E[0q, H(t + 7,041,064, Yt+1::Zt+r)|~7:t]>(,8t —ay)lcdt > 0,
(4.10)

which implies,

(aOtH(t> gta 61‘—1’: Yt> Zt) (411)
+ B[00, H(t + T, 0140, 01 Yigo, Zey o) F))(B — ap) > 0. ace.

O

Remark 4.2. When we further assume that H is convex in
(o, a1 ), then for any B, B; € A in Theorem 4.1, we have

H(t> Xt’ Mts Xl‘—f) Mt—7> 0t Ot Yt: Zt)
S H(t>Xtr /Lt>Xt—t> MHt—1> ﬂ’ ,B‘h Yt> Zt)) a.c.

as a direct consequence of (4.8).

Theorem 4.3. Let (a/)o<i<T € A be an admissible control.
Let (X¢)o<t<T be the controlled state, and (Y, Zt)o<t<t be the
corresponding adjoint processes. We further assume that for
each t, given Y, and Z;, the function (x, [, X, [br, Q5 07) —>
H(t, X, (b, Xr, [hr> O g, Yi, Zy), and the function (x, ) — g(x, 1)
are convex. If

H(t, Xty s Xp—z5 t—z> Q> 0z, Y1, Zy)

. 4.12
I/IégH(t)Xb ,utrXt—‘l:) /’Lt—‘[’a;)aéf-pyt)zt)’ ( )
o

for all t, then (oy)o<i<T is an optimal control.

Proof: Let (a))o<t<r € A be a admissible control, and let
XDo<t=T = (X‘t"/)0<t<T be the corresponding controlled state.
From the definition of the objective function as in (2.4), we first
use convexity of g, and the terminal condition of the adjoint
process Yy in (4.7), then use the fact that H is convex, and because
of (4.12), we have the following

J(@) = J(@) = Elg(Xr, ur) — g(X7, )]

+E /0 T[f(t, O Xi—vsatr_o) — f(4,0), X, a)_)]dt
E[dxg(X1, ur) X1 — X5) + E[8,8(X1, 1) X7) X1 — Xp)]]
E/OT[f(t, O, X, oe—1) — f(£,00,X,_,,ap_)]dt
E[(d:g(X1, 1) + E[0,8(Xr, 1) (X)) (X1 — X7)]

T
E / (60 Xeerat—e) — F(0.0) X, )ldt
0

T
E[Yr(Xr — X})] + E / (600 X tr—2)
0

T
F00.% -t =E [ [(b(r, 60 01_s) — b(L,6L,0,_) Ve
T
(0(t,61,00—2) — 0 (£,6,,6/{_,)) zt}dt -E [ [ (8xH (8, 64,011, Y1, Z1)
0
+ IE[B,LH(t, 61,01, 1~/t>2t)(Xt)]> (X — X;)]dt
T
IE/ [(E[aer(t + T, 040,08 Yigo, Zeg o )| Fi]
0
E[E[9,, H(t + 7,004, 6, ?r+r,2z+z)(Xt)]\fz]>(Xr - Xﬁ)]dt

T
E / [H(t, 00 Orrr Y 20) — H(1, 61,6, Yt,zt)]dt
0
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T
+ E/ |:(b(t, 01,0t 1) — b(t, 01, 0r—1)) Yi + (0 (861, 6r—1)
0
T
—0 (£,64,61—1)) Zt]dt = —]E/ |:8xH(t) 01 01—, Y1, Zt) (Xt — X7)
0
+ IE[SMH(t, 01, 0—1, Yo, Zt) X)Xy — Xt/)]dt
T
5,
0
B0y, H(t, 60, 61—c, Y, Z)(Kp—0)(Ki—c — X;,,)]]dt
T
!
0
T
!
0

T
(otp—¢ — aﬁ,,)]dt < E/ (80,H(t, 01,0t Y1, Zy)
0

0y, H(t,01, 011, Y1, Zt) Xy—r — X;_,)

H(t,6,0i—c, Y1, Zt) — H(,6,,06,_,, Yt;Zt)]dt

O H(t, 01, 01—z, Yi, Zt) oty — ) + 8o, H(t, 64, 04—1, Y1, Z4)

IA

E[0q, H(t + T, 041,61, Yt+r>Zt+r)|]:t])(at —a)dt <0.  (4.13)
O

5. EXISTENCE AND UNIQUENESS RESULT

Given the necessary and sufficient conditions proven in section
4, we use the optimal control (&;)o<¢<T defined by

a(t, Xe, s Xi—vs foi—1> Y6, 2, B[ Yy o | Fy L B[ Zy o | Fi )

= argmeif‘Q H(t, X¢, o> Xo—7» Mi—r> O g7, Yy, Zy),
a

to establish the solvability result of the McKean-Vlasov FABSDE
(2.3) and (4.7) for t € [0, T]:

dXt = b(t, Xt, Mt Xt—r s Mt—1> &h &t—‘r )dt
+ G(t’ Xt’ /’Lt!Xt—ta Mi—7> &t’ &t—f)dwb
dy; = — : O H(t, Xty fts Xt v o5 Qs Q15 Yy, Zy)

+ E[aﬂH(t’Xt’ l/«hxt—r,ﬂt—raglt,ét—n Y6, Z)(X0)]
+ B0, H(t + 7, Xito» et Xos s Crgr> Qs Y, Zegr )| Fe]
+ E[E[aMtH(t + r’XH—T’ /‘LH-T)S(D Mts OA[H—‘D &t’ ?H-‘DZH-T)

(Xt)]lj’-',]}dt + ZidW; (5.2)

with initial condition Xy = x¢; X; = a; =0 fort € [—7,0) and
terminal condition Y7 = 0xg(Xr, ur) + E[0,¢(XT, 1)(XT)]. In
addition to assumption (H 4.1), we further assume

(H5.1) The drift and volatility functions b and o are linear in
X, s Xz, g, @, 07 Forall (¢, x, i, Xo, e, o, 007) € [0, T] X
R x P,(R) x P,(R) x A x A, we assume that

b(t, %, 14, Xg, frs @ 7)) = bo(t) + by (£)x + by (Hm
+by(t)x; + ba(t)my + b3(t)a + ba(t)ary,

U(t, X5 W X1 Mt>a)a‘l:) - UO(t) + O’l(t)X + 61(1’)1’”

+02(t)xr + a2(t)my + o3(t)ar + o4(t)ory,
(5.3)

some  measurable deterministic  functions
bo, b1, b1, by, by, b3, by, 09, 01, 51,02,02,03, 04 with
values in R bounded by R, and we have used the notation
m = [xdu(x) and m; = [ xdu.(x) for the mean of
measures i and [, respectively.

The derivatives of f and g with respect to (x, x¢, i, fr, )
and (x,u) are Lipschitz continuous with Lipschitz
constant L.

The function f is strongly L-convex, which means that
forany t € [0,T], any x,x’,x;,x, € R, any o,a’ € A,
any i, i, e, 1, € P2(R), any random variables X and
X' having pu and p’ as distribution, and any random
variables X; and X, having p; and w/, as distribution,
then

for

(H5.2)

(H5.3)

flx, W x, 1l ) — f(t %, 1, x5 e, @)

f (1%, 1, Xz, ph, @) (X — x)

- 8xrf(t’x> s Xz Mr)a)(x,r — Xr)

E[8,f (£, %, s, %7, phrs @) (X) - (X' = X)]
E[aﬂrf(t:x)ﬂxxr:Mr:a)(Xr) : (X/T - X7)]

Ao f (1, x, W, Xe> o, a)(e — o) > ko’ — Ol|2.(5.4)

The function g is also assumed to be L-convex in (x, ().

Theorem 5.1. Under assumptions (H5.1-H5.3), the McKean-
Vlasov FABSDE (5.2) is uniquely solvable.

The proof is based on continuation methods. Let A €
[0, 1], consider the following class of McKean—Vlasov FABSDEs,
denoted by MV-FABSDE(A), for t € [0, T]:

dX; = (Ab(t, 01, 6,—1) + I )dt + (o (8,01, 0,—1) + I7 )dWy,
ay; =— i)»(axH(R O, 0t—2, Y1, Zy) + IE[E)MH(t, 61,01, Ve, Z0) (X))
+ E[aer(t + 7,011, 0 Yt+r»Zt+t)|}—t]

+ IE[IE[BM[H(t + T)ét+f)ét) lN/t+r:Zt+r)(xt)]|-7‘—t]>

+F }dt + ZdW,

(5.5)
where we denote 6; = (Xy, s, @), with optimality condition

or = Q(t, X, o Xt—vs iz Yoo Zt B[ Vi o | Fr,
E[Zyo|F]), t € [0, T,

and with initial condition Xy = x¢; Xy = o = Ofort € [—1,0)
and terminal condition

Yr= )»{3xg(XT,MT) + fE[a/Lg(XT)MT)(XT)} + 5,

and Y; = O fort € (T,T + 7], where (If’,If,I{)OE,ST are some
square-integrable progressively measurable processes with values
in R, and I‘% € LX(Q, Fr,P)isa square integrable Fr-measurable
random variable with value in R.

Observe that when A = 0, system (5.5) becomes decoupled
standard SDE and BSDE, which has an unique solution. When
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setting A = 1, Itb =1 = I’: =0for0<t< T,andI‘% = 0, we
are able to recover the system of (5.2).

Lemma 5.2. Given Ay € [0,1), for any square-integrable

progressively measurable processes (17,17, F )o<i<1, and I‘% €
L2(Q, Fr,P), such that system FABSDE()\o) admits a unique
solution, then there exists 8o € (0, 1), which is independent on X,
such that the system MV-FABSDE(\) admits a unique solution for
any A € [Ag> Ao + o]

Proof: Assuming that (X, Y, Z,&) are given as an input, for any
A € [Ao,Ao + o], where 6y > 0 to be determined, denoting
§ =X\ — Ag < 8y, we take

1 <5[b(t, 61, 6,0)] + IV,
17 <8[o(t,0;,0,_ )] + 17,

I{ <4 |:3xH(t, 01, 01—, Ye, Z¢) + E[0, H(t, 01, 0, i, Z)(X0)]
+ E[o,, H(t + f)ét+r> 0y, iv/t+r)2t+1r)|-7:t]

+ E[E[BM,HU + 7,014, 01 ?tth’ZtJr‘c)()v(t)] |-ﬁ]i| + f{’

Sy

<8 [axgﬁcT, wr) + E[8,g(Xr, m)(XT)] +E.

(5.6)
According to the assumption, let (X, Y,Z) be the solutions of
MV-FABSDE(Ag) corresponding to inputs (X,Y,2), ie, fort €
[0,T]

dX; = (uoby + 8by + IP)dt + (Aooy + 85, + I7)dW,,
Yy, = — {Ko(ath + E[auﬁt(xt)]

+ E[dy, Hei o |1 Fe] + E[E[8,, H e XDIFD  (5.7)

+ 8(8xH; + E[8, H(X)] + B8y, Hypr | F1]

+ BB, B GOIIAD + f{}dt + ZdW,,

with initial condition, Xy = x¢, Xs = s = 0 for s € [—7,0), and
terminal condition

Yr = o (3ng +]E[8u§T(XT)]> +3 <3x§T +I~E[8M§T(XT)]) +I,

(5.8)
and Yy = Z; = Ofor t € (T, T+t], where we have used simplified
notations,

bt = b(t) et) et—‘[); Et = b(t) ét)ét—f);
ot = 0(t,0,0i—); &1 :=0(t,04,01);
OxH; = 0 H(t, 01,61, Y1, Zt);

E[0,H:(X)] = E[8, H(t, 0, Or—r, V1, Z1)(X1)]
E[ox, Hiyo | Ft] := E[0x, H(t + T, 040,01, Yigr, Ziyo )| ]
E[E[8, H:(X)]|F:] = E[E[8,, H(t + T, 0110200 Yigr» Zisr)
(X F;
dgr = 0xg(Xr 1) E[0,8r(X1)]]
= E[3,g(Xr, 1) (X1)]
similar notation for 9,Hj, IE[BMIEIt()v(t)], E[dy, Hy 11| F1,

and E[E[0,, A (X)]| 7). (5.9)

We would like to show that the map @ (X, 7, 2,5[) —
CID(JV(, Y, 2,6{) = (X,Y,Z,a) is a contraction. Consider
(AX,AY,AZ,Aa) = X — X, Y —-Y',Z - Z,a — o), where
X,Y,Z,a') = &X', Y, Z,&). In addition, for the following
computation, we have used simplified notation:

Aby = b(t,6;,6,_1) — b(1,6],6,_,):;
Aby = b(t,6,,6,_;) — b(t,0/,0,__):
Aoy =0 (t,01,0—¢) — o (t,0,,0,_,);
At =0 (t,0,0;1) — o (t,6],6]_)
0xgr = 0xg(Xr, b)) — 058 (X7 iLT);
AE[9,gr(X)]] = E[8,8(Xr, ur)(X1)]
— B(0,8(Xp nr) (X))
AdH; == 0.H(t, 04,01, Yy, Z4)
— 9:H(t,0,,0/_,, Y1, Zy)
AR[3,Hi(Xp)] = K[, H(t, 0p, 01—z, Y1, Z) (X))
— E[9,H(t,6,,0,_., Y1, Z1)(X])]
AE[0y, Hyy o | Fy] = E[0x, H(t + T, 60t11, 01 Yiir, Zig o )| Fi)
—E[0y, H(t + 7,6/, 1,0/, Y4z, Zii1) | Fi]
AR[E[8, H (X)) | F1] := E[E[0,, H(t + 7,014+, 00, Yipr,
Zip) X)) ] — E[E[0,, H(t + 7,6/, .0,
Yive, Zino(XDIF]

similar notation for Ad,H;, AIE[B#I:It(Xt)], AE[0y, I:IHT | Ftl,

and AE[E[8,, Hyy (X0)]17]. (5.10)
Applying integration by parts to AX;Y;, we have
d(AX,Y;)
- yt{ [AoAb; + 8Abdt + [AoAc, + aAét]th}
- Axt{xo(ath + E[9, Hi(X0)] + E[0y, Hes o 7] 1)

+ BIED,, B (XN FL]) + 80, + B8, 1,(X)]
+ [0y, Hpar | 7] + E[E[au,ﬁrt+f(kt>1|f,1)=dt

+ AXtthWt + (}quUg + 8A6’t)tht
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After integrating from 0 to T, and taking expectation on both
sides, we obtain

E[AXTYT]

T
=}\.0]E/ (Atht + AO}Z; — AXt(E?th + E[aMHt(Xt)]
0
+ Eldy, Hove | 7] + EIELD). ﬁtmxtmm))dt
T v v ~ < v
+ (SE/ (Atht + AcZ; — AX;(0,H; + E[(?#Ht(Xt)]
0

+ E[dy, Hi | Fe] + E[E[,, ﬁlmo?t)nft]))dt

(5.12)
In the meantime, from the terminal condition of Y7 given in
(5.8), and since g is convex, we also have

E[AXTYT]

=E [AXT (xo(ang + E[0,8r(X7)]) + 8(d:gr

+E[8,8r(X)]) + 1%)] > JoBlg(XT, wr) — g(Xy — )]

+ 8 AXT(d:8r + E[0,8r(X1)]) + AXrTf
(5.13)
Following the proof of sufficient part of maximum principle and
using (5.12), and (5.13), we find

MoU(@) — J(@)
= AOE[g(XT> Kr) — g(X/T’ H’/T)]

T
+ )\()]E/ []{(l’,epxt—r) Hi—z)
0

- f(t’e/’X;—r’ M;—t)]dt
E[AX7Yr] — SAXr(3xgr + E[8,8r(Xr)]) — AXrIS

IA

T
+ )"OE/ [f(t’ et’th‘E’ /'Ltf‘[) _f(t) 9[/)Xt/>_-[) ,u;_f)]dt
0

T

koEf |:Atht + AU[Zt
0
— AXy(8cH; + E[8,Hy(X;)] + E[dy, Hepr | ]
+ E[I“E[auﬁm(xtnmtJ)]dt
T v v ~ < v

+ SIE/ [Atht + AciZy — AX;(0,H; + IE[ath(Xt)]

0

+ B0, Hise 5] + E[E[aﬂﬁmcxtnm])]dt

Y:, Zy)]dt

t—1°

T
+ )»OE/ (H(t,01,0;—, Y1, Z) — H(t,6,,6,
0

— AE /0 T(Atht—i— Ao Zp)dt — SAXT(3,8r

+ E[8,gr(Xr)]) — AXrL

= AOE/OT [H(t, 04,01, Yy, Zy) — H(t, 9[,9[4, Yy, Zy)
— AX;(3:H; + E[8, Hi(Xy)] + E[dx, H+|F]

T v
+ E[E[@MTHH,(XQ]U-}])]dt+8E / [Abm
0

+ AGZ — AXy (D, + B9, H (X)) + Eldy, Hyyr| 7]
+ E[E[amﬁtﬁ(kt)]mt])}dt

— SAXT(d:gT + E[8,87(X1)]) — AX7L

=

T T
—E / hok | Aae|>dt + SE / |:Ahth+ A&7y
0 0

AX;(8:H; + E[8, Hy(Xy)] + E[dx, Heso|F]

+E[E[8M,H,+f<5<t>1|ft1>]dt — SAXT (g

+ Ef8,gr(X1))) — AXTE, (5.14)
Reverse the role of o and o/, we also have
o) — J(@)
T T |
< —IE/ AOK|Aa;|2dt+sE/ [Ab;Y;Jr AG|Z,
0 0
— AX[(0cH, + E[9, H)(X))] + Eloy, H, , .| 7] (5.15)

+ E[E[d,, H, . (X))] |]—"t]):|dt — SAX (38T
+E[3,8r(X)]) — AXLE,
Summing (5.14) and (5.15), using the fact that b and o have the

linear form, using change of time and Lipschitz assumption, it
yields

T
uOKE/ | Aa|?dt
0

IA

T
aE/ [AbtAYt + ASAZ — AX(ADH,
0

AE[9, Hy(X;)] + AE[dy, Hyy o F]

+

+ AE[E[d,, Hy i (X)) Ift])]dt + 8AXT(0y gy

381 + E[0,87 (X)) — E[0,8r(Xr)])

IA

1 T
;Ef [e(|AXt|2+|AY,|2+|AZt|2)
0

+

1 v . . - <
282<|Abt|2 + |AG >+ |AdH, + AR[9, H/(X;)]

+ AE[dy, Hepo | Fi] + AE[I“E[aMHm(Xt)]|ft1|2>]dt
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9@y — gt + E[8,87(Xr)]

2 1 T
>5£6E / c(AX? + AT,
0

+ |AZ* + |Aa,?)dt + |AXT|]

1 2 1o
+ —| €|AXT]* + -6
2 €

— E[8,8r(Xr)]

1.C T v 12 v 12 712
+ 30 E| [ (MK + (AT + (82
0

+ A& P))dt + |A5<T|2], (5.16)

Next, we apply Ito’s formula to AX?,

dAX?
== ZAXtht + d(X,X)t

= 2AX (Ao Ab; + 8AD)dt + 2AX, (oA (5.17)

2
+ BA(}t)th + <)\0A0't + 5A5’t> dt

Then integrate from 0 to T, and take expectation,
E[|AX[]
t t .
=2on/ |AXSAbS|ds+281E/ |AX,Abs|ds
0 0
t
—HE/ |hoAos + 8AG|*ds
0
t t .
§k0]E/ (|AX5|2+|AbS|2)ds+IE/ (IAX|* 4 87| Abs|*)ds
0 0

t
+ E/ (203 |Ac|? + 282 | AG|)ds
0

t+1 .
(IAX* + |Ads|*)ds

(5.18)

t+t
§CIE/ (1AX)> + IAaslz)ds—HSC]E/
0 0
From Gronwall’s inequality, we can obtain
T T
sup E[|X|*] < CE/ |Aat|2dt+8C]E/ (AX P+ Ady|)dt
0<t<T 0 0
(5.19)

Similarly, applying Ito’s formula to |AYy|?, and taking
expectation, we have

T
E {mmz +f |Azs|2ds}
t
T
:szE/
t

+ AE[dy, Hyyo | F] + AE[E[0,, ryr (Xt)nft])’

T
+26E/
t

+ A]EUE[%HHT(X)]W)‘ +ElAYT

AYt<A8th + AE[3, Hi (X))

AYt<AaxI:It + AIE[E)MFL()VQ)] + AE[aerH—rlj:t]

T
1 - -
S]Ef <E|AYt|2 + eAg| AdcH; + AE[9, Hy(Xy)]
t

+ AE[dy, Ht o | F] + AE[E[8,,, Hy i (X)]|F]

2
e
2

e

T ~
+ IE/ (|AYt|2 + 82| A8 H; + AR[8, H (X;)]
t (5.20)
+ AE[ax,HHHﬂ] + AIE[]E[B,LTI:ItH()V(t)]l]-}]

+E

A0<A8ng + AfE[augT(XT)]>
2
+ 8<A8x§T + AE[3M§T(5(T)]>

Choose € = 96max{R? L}, and from assumption (H5.1
- H5.2) and Gronwall’s inequality, we obtain a bound for
SUpg<j<T E|AY,|% and then substitute the it back to the same

inequality, we are able to obtain the bound for fOT E|Z;|*dt. By
combining these two bounds, we deduce that

T
E| sup |Y,|2+/ |Z,|2dt
0<t<T 0

T
§CE< sup |AXt|2+/ IAat|2dt)
0

o=t=T (5.21)

+SCE| sup (|A5<,|2+|A1?t|2)
0<t<T

T v
+ [ (182 + 1287 di
0
Finally, combining (5.19) and (5.21), and (5.16), we deduce

T
E| sup |AX;* + sup |AYt|2+/ (IAZF] + | Aey|?) dt
0<t<T 0<t<T 0

T
<SCE| sup |AXP + sup |A1?,|2+/ (lAZ,lz—i-lA&tlz) dt
0<t<T 0<t<T 0

(5.22)

Let §p = i, it is clear that the mapping & is a contraction for all
8 € (0,8). It follows that there is a unique fixed point which is
the solution of MV-FABSDE(A) for A = A9 + 6, § € (0,8p). [

Proof of Theorem 5.1: For A = 0, FABSDE(0) has a unique
solution. Using Lemma 5.2, there exists a §o > 0 such that
FBSDE($) has a unique solution for § € [0, o], assuming (n —
1)dp < 1 < ndy. Following by a induction argument, we repeat
Lemma 5.2 for n times, which gives us the existence of the unique
solution of FABSDE(1). O

6. CONCLUSION

Overall, we presented a comprehensive study of a general
class of mean-field control problems with delay effect. The
state dynamics is described by a McKean-Vlasov stochastic
delayed differential equation. We derive the adjoint process
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associated to the dynamics, which is in the form of an
anticipated backward stochastic differential equation of
McKean-Vlasov type. We also prove a version of stochastic
maximum principle, which gives necessary and sufficient
conditions for the optimal control. Furthermore, we prove
the existence and uniqueness of this class of forward
anticipated backward stochastic differential equations under
suitable conditions.

However, due to the lack of explicit solutions, numerical
methods are needed. The non-linear nature of the problem due
to the McKean-Vlasov aspect combined with non-Markovianity
due to delay rule out classical numerical methods. Our study
show that deep learning methods can deal with these obstacles.
we proposed two algorithms based on machine learning to
numerically solve the control problem. One is to directly
approximate the control using a neural network, while the loss
is given by the objective function in the control problem. The
other algorithm is based on the system of forward and backward
stochastic differential equations. We approximate the adjoint
processes (Y., Z.) and the conditional expectation of the adjoint
process E[Y.;.|F.] using neural networks. In this case, there
are two loss functions that we need to minimize as shown in
(3.16). The first loss is associated with the adjoint process Y.,
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