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Abstract—In this paper, we investigate a sequential dynamic
team problem consisting of two agents with a nested information
structure. We use a combination of the person-by-person and
prescription approach to derive structural results for optimal
control strategies for the team. We then use these structural
results to present a dynamic programming (DP) decomposition
to derive the optimal control strategies for a finite time horizon.
We show that our DP utilizes the nested information structure
to simplify the computation of the optimal control laws for the
team at the final time step.

I. INTRODUCTION

Team theory refers to problems where a team of agents
seeks to cooperatively control a state and minimize a shared
cost [1], with applications including connected and auto-
mated vehicles [2], social media platforms [3], and robot
swarms [4]. A key aspect of these problems is the team’s
information structure, which describes the information avail-
able to each agent at any time. Various information structures
are categorized as: (1) Classical: Each agent receives the
same information and has perfect recall [5]. (2) Quasi-
classical: If agent 1 can affect the information of agent
2, the information available to agent 1 is also available to
agent 2 [6]-[10]. (3) Non-classical: All other decentralized
information structures are called non-classical [11]-[14].

In this paper, we analyze a dynamic team of two agents
with a nested information structure. In the nested information
structure, agent 2 shares her information with agent 1 at
each instance of time, but does not receive any information
from agent 1. Both agents collectively control and partially
observe a shared state. Thus, this is a non-classical informa-
tion structure. The nested information structure is commonly
found in applications with real time communication problems
[15], vehicle platoons [16], and hierarchical control problems
[17]. A team of two agents with a quasi-classical, partially
nested information structure, is also special case of the nested
team when agent 2 can affect the state of agent 1, for example
[8]. The two agent team is of interest because most insights
into the structure of optimal control strategies in a team of
two agents can be extended teams of many agents with a
similar information structure. Such partially nested teams
are well understood in the literature for linear dynamics,
quadratic costs, and Gaussian noise (LQG) [6]-[8] and for
nonlinear dynamics with complete state observation [17].
Several dynamic program (DP) decompositions have been
reported in the literature for decentralized teams [18], [19],
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which are reviewed in detail in [14], [20]. Furthermore, a DP
that can be applied in team problems with nested information
structures is the one proposed in the common information
approach [11], [18], which introduces a coordinator who
selects prescription functions for each agent.

Our main contribution in this paper is to present structural
results for optimal control strategies in the nested information
structure which cannot be derived solely using the common
information approach. Our analysis uses a combination of the
person-by-person approach [6]-[8], [21] and the prescrip-
tion approach [13]. Similar techniques have been used in
conjunction with linear dynamics [8], where the dynamics
ensure that the optimal control strategies depend only on
the expected value of certain random variables. This ensures
the tractability of the eventual DP. For nonlinear dynamics,
similar techniques have been used for real time communi-
cation [15] and control sharing information structures [22]
by assuming specific dynamics. However, when agents im-
perfectly observe their states, the optimal control strategies
derived in these papers are functions of non-parametric
probability distribution with a continuous support. Thus, it is
challenging to actually implement these optimal strategies.
In contrast, we derive optimal control strategies without
assuming specific dynamics and our strategies only require
tracking probability distributions with an atomic support.
However, our structural results yield strategies whose domain
grows in size with time and thus, can only be applied to finite
time horizons. Despite this, we believe that our results may
be useful in the search for approximately optimal control
strategies [23] that may be time invariant. We also present
a DP based on our structural results. Our DP deviates from
other DPs in the literature for the final time step, where we
utilize the the nested information structure to improve the
computational efficiency of optimal control strategies.

The remainder of the paper proceeds as follows. In Section
II, we provide the problem formulation. In Section III, we
analyze a team of two agents using the person-by-person
and prescription approaches, and derive structural results for
optimal control strategies. In Section IV, we present a DP to
derive the optimal control strategies. Finally, in Section V,
we present concluding remarks and discuss ongoing work.

II. PROBLEM FORMULATION

We consider a team of two agents who select actions over
T € N discrete time steps. At any time t = 0,...,T, the
state of the team is denoted by the random variable X, that
takes values in a finite set of feasible states X;. The control
action of agent k € {1,2} at each time ¢ is denoted by
the random variable U} that takes values in a finite set of
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feasible actions Uf. Let U}2 = (U}, UZ). Starting with the
initial state Xy at ¢ = 0, the system evolves as

= ft (Xta Ut1:2

where the random variable W; denotes an uncontrolled
disturbance to the state at time ¢ and takes values in a finite
set of feasible disturbances W;. At each time ¢t = 0,...,7),
each agent k£ € {1,2} partially observes the state as a
random variable Y/* that takes values in a finite set JF. The
observation Y/* is given by

Xt+1 aWt)a t:O,...,Tfl, (D

vk =nk(Xx,VF), t=o0,...,T, )

where the random variable V;* denotes the measurement
noise that takes values in a finite set of feasible noises VF.
The external disturbances {W; : ¢ = 0,...,T}, noises in
measurement {V,!, V2 : ¢t = 0,...,T}, and initial state
Xy are collectively called the primitive random variables
of the team and their probability distributions are known a
priori. We assume that each primitive random variable is
independent of all other primitive random variables. This
ensures that the state X; evolves as a controlled Markov
chain at each ¢t = 0,...,T [5]. Next, we define the memory
of each agent k € {1, 2} at each time ¢, which is a collection
of all the data received by them. The memories of both agents
determine the team’s information structure.

Definition 1. The memory of agent k € {1,2} at each time
t =0,...,T is a set of random variables M} that takes
values in a finite collection of sets M¥.

Let U}, = (U¥,...,UF), k € {1,2}. The memories of

the two agents in the team at any time ¢ = 0, ..., 7T are given
by
Mt2 = {YOQ:tv Ug:tfl}’ 3)
Mtl = {Yolzt» U&:tﬂ»YoQ:t»Ug:tq}' “)

In (3)-(4), we consider that each agent updates her memory
before generating her action at each time ¢. Note that
the memories satisfy the following properties for all t =

T (1) causality: My C {Yg?, Ui 1}, k€ {1,2)
(2) perfect recall: M} C Mtkﬂ, k € {1,2}; and (3) nested
information structure: M} C M}.

Remark 1. Causality and perfect recall are very general
properties used to derive DPs for both centralized [5] and
decentralized [20] teams. The nested information structure
is unique to our team.

The new information of any agent k at each ¢ is the set
ZF := M} \ MF | that takes values in a finite collection of
sets ZF. Thus,

Ztl = {Kfl’UtlflﬂytgaUthl}’ t=0,...,T, @)
ZE:{Y??Uz?fl}? tZOa"wTa (6)
which implies that

zZ:czl, t=0,...,T (7

Each agent & € {1,2} at each ¢t = 0,...,T selects an
action U[ as a function of her memory M}. Thus,

Uf =gr(MF), t=0,...,T, (8)

where g is the control law of agent k at time ¢. The control
strategy of each agent k is g* := (gf,...,g%) and the
strategy profile of the team is g := (g', g°). The set of all
feasible strategy profiles is G. After each k € {1, 2} selects
action U} at time ¢, the team incurs a cost ¢ (X, UL, U?) €

R>¢. Then, the performance criterion for the system is

T

T(g) = B [z o (X0 U1 07)

t=0

(€))

where the expectation is with respect to the joint distribution
on all random variables, and U} is given by (8) for each
agent k € {1,2}, at each time ¢t = 0,...,7T. Then, we can
state the optimization problem for the team as follows.

Problem 1. The optimization problem is infgcg J(g), given
the probability distributions of the primitive random vari-
ables {Xo, W, V1, V2 : t = 0,...,T}, and the functions
{Ct,‘]ct,h%:2 1t = 0, Ce ,T}

Our aim is to develop a DP that can tractably derive an
optimal strategy profile g* € G for Problem 1, such that
J(g*) < J(g), forall g € G.

III. ANALYSIS
A. The Person-by-Person Approach

In this subsection, we present a structural result for the
optimal control strategy of agent 1 using the person-by-
person approach. This will help us derive our DP in Section
IV. We first fix a control strategy g2 for agent 2, such that

Ul =g?(M}), t=0,...,T. (10)

In this approach, given the strategy g? of agent 2, we set up
a centralized problem from the perspective of agent 1. Since
M? C M} at each time t = 0,...,7, given the control
strategy g2, agent 1 can derive the action U? using (10).
Then, we can define a new state for agent 1 as

Sti={X;, M?}, t=0,...,T, (11)

that takes values in a finite collection of sets S} at any time
t. Next, we show that the new state is sufficient for input-
output mapping.

Lemma 1. Let g2 be a given control strategy of agent 2. At
each time t = 0,...,T, the state S} € S} is sufficient for
input-output mapping by the following properties [24]:

1) There exist functions f}(-) and hi(-) for all t =

0,...,T —1,, such that
t+1 = f1(S1, UL W, VR, (12)
t+1 =h (StlﬁUtlaWtaV;f+1> (13)
2) There exist functions ¢;(-), such that
c(Xe, UL U2 = ¢1(SHUY, t=0,...,T. (14)
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Proof. To prove these results, we expand the LHS in each
of (12)-(14) by substituting appropriate relations from the
system dynamics (1), (2), the definitions (5), (11), and (10),
for each ¢t = 0,...,T. Thus, we can rewrite the LHS in
terms of the variables in the RHS and construct appropriate
functions f(-), hi(-), and &(-) for each time ¢. O

Given the strategy g2, Lemma 1 leads to a centralized
problem for agent 1, with state S}, control action U},
observation Z}, |, and cost é;(Sf,U}) at each time t =
0,...,T. The performance criterion is solely a function of
the control strategy g', as J1(g!) = E9 |:ZtT:O (SHUN,
where the expectation is with respect to the joint probability
distribution on all random variables and g = (g*, g?).

Problem 2. The problem for agent 1 is infg, J'(g'),
given the control strategy g2, the probability distributions
of the primitive random variables {Xo, Wy, V1, V2 1 t =
0,...,T}, and the functions {c;, f;, hi? :t=0,...,T}.

In Problem 2, at each time ¢, the component Mf of the
state S} is observed by agent 1. However, the component X
of state S} must be inferred by agent 1 using her memory
M. For such a problem, it is known [5, page 79] that agent
1 can estimate X; using the probability distribution

I :=P9(X, | M}), t=0,...,T, (15)

that takes values in the set of feasible distributions P} :=
A(X;) at each time t. The distribution II} is called an infor-
mation state for agent 1 and yields the following structural
result for the control strategy of agent 1 in Problem 2.

Theorem 1. Let g2 be a given control strategy for agent 2.
Then, the optimal control strategy g*' of agent 1 in Problem
2 has the structural form

Ul =gt (METIY), t=0,..T. (16

Proof. This result follows from standard arguments for par-
tially observed Markov decision processes [5, page 79]. [

Note that every optimal strategy profile g* = (g**, g*?)
for Problem 1, must be a solution of Problem 2 by fixing
g*? for agent 2 and selecting the control strategy of agent 1
as g*! [6]. Thus, every optimal profile g* for Problem 1 also
satisfies Theorem 1. Then, in Problem 1, we can restrict our
attention to strategy profiles g € G with the structural form

Ul = gi (M7, 11), (17)
Uf = g7 (M), (18)
at each time ¢t = 0,..., 7. To this end, we denote the set of

feasible strategy profiles consistent with (17)-(18) by G'.

B. The Prescription Approach

In this subsection, we consider Problem 1 with the re-
striction g € G’. Any strategy profile g € G’ for the team is
accessible to both agents. However, at any time ¢t =0, ..., T,
agent 2 cannot generate the action U} using (17), because
she can only access the memory M? and not the information
state II} € P}, which is a function of the memory M}.

Instead, agent 2 considers that the action U} is generated in
two stages at each time ¢: (1) agent 1 generates a function
using only M2, and (2) this function takes as an input the
information state I} to generate the action U;. We call this
function a prescription of agent 2 for agent 1 at time ¢.

Definition 2. A prescription of agent 2 for agent 1 at any
time £ = 0,...,7T is a function I‘?’l] : P} — U} that takes
values in a finite set of feasible functions ]—',5[2’1].

]

The prescription I‘?’l is generated as

U = P2, t=o0,...,T, (19)

t[2’” : MZ — ]_-t[2,1] is called the prescription law

(2,1] .
i :

where )
of agent 2 for agent 1 at time t. We call v? := (w
t = O,...,T) the prescription strategy of agent 2, and
denote the set of feasible prescription strategies by 2. Next,
Lemmas 2 and 3 show that any control action U} can be
equivalently generated using either a control strategy g € G’
or an appropriate prescription strategy 2.

Lemma 2. For any given control strategy g € G', we can
construct a prescription strategy * € U2 such that

rm) = g (M2 ) = UL, t=0,...,T. (0)

Proof. For any control law g/ that generates U} at time ¢ us-
ing (17), we can construct a prescription law 1/)?’1] MZ =
Z s TN = 0O = gl (ML) =
Ul, forallt=0,...,T. O

Lemma 3. For any given prescription strategy > € W2, we
can construct a control strategy g € G' such that

gr2 ) =T = Ul t=o0,...,T. @D

Proof. For any prescription strategy /2, we construct a con-
trol strategy g such that g} (M2, T1}) = oY (M2) 11} =
ri>m) = v}, forall t=0,...,7T. O

Lemmas 2 and 3 imply that every control action U} of
an agent 1 generated through a control strategy g' can also
be generated through an appropriate prescription strategy >
and vice versa. We always choose control and prescription
strategies that satisfy (20) and (21). Thus, at each time ¢,

2
I =Po(x, | M) =PO¥D(x, | M TEY), @2

where we use Lemma 2 to construct 1> given g, and we
can add the history of prescriptions F02;£171 to the condi-
tioning because they are simply functions of M? C M}
and 2. Using similar arguments, it holds that J(g) =

E(9:%%) [ZtT:O cr (X, Utm)}, where U} is equivalently gen-
erated using either g} (M2, 11} or T (11}).

C. A New State for Agent 2

In this subsection, we define a state sufficient for input-
output mapping for agent 2. We first define the information
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accessible to agent 1 but inaccessible to agent 2 at each time
t=0,...,T as the set of random variables

L= M\ M2, (23)

that takes values in a finite collection of sets E,[fl’z]. For all ¢,
we define an information state for agent 2 as the distribution

1? =P (x,, iV | M T, (24)

that takes values in the set of feasible distributions P? :=
A(X, % L’l[tl’z]). Next, we show that we can write the
information state II} of agent 1 in terms of II? at each
t=0,...,T

Lemma 4. At any time t = 0,...,T, for the pair of
probability distributions 11} and 117, we can construct a
Sfunction ey : Ptz X EE’Q] — 'Ptl, such that

I} = e, (112, LIM?). 25)

Proof. The proof is omitted due to space constraints, but can
be found in our online preprint [25, Appendix A]. O

Thus, at each time ¢, we can equivalently write the control
: 1 _ pl2] gy o pl2.1] 2 r[1,2]
action as U} =T (I1}) = Ty (e (117, Ly ™)) Next, we
construct a new state for agent 2 as

S? = {x;,, " 2}, t=o0,...,T, (26)

that takes values in the finite collection of sets S7. Our goal
is to set up an equivalent centralized control problem for
agent 2 with the state S2 and control action (I\* U2) at
each time ¢. However, we require some interim results before
we can prove that the state S7 is sufficient for input-output
mapping. Next, we show that the information states I1? and
I} at all ¢ are independent from the strategies (g, ¥?).

Lemma 5. Ar each time t = 0,...,T — 1, there exists a
function f2(-) independent from (g,?), such that

3 2,1
2, = fae, vl vz 22, @7

and subsequently, for any Borel subset P? C P?,_,,
P(I12,, € P?| M}, DY) = P17, € P?| 12, U7, 1Y),

Proof. The proof is omitted due to space constraints, but can
be found in our online preprint [25, Appendix B]. O

Lemma 6. Ar each time t = 0,...,T — 1, there exists a
function fl(-) independent from (g,?), such that

Uy, = fi (I, UL U7 Z), (28)
and subsequently, for any Borel subset P! C P} 1

P(Iy,, € P| M}, U?) = P(I;,, € P'| 11}, U, UD).
Proof. The proof is similar to Lemma 5 and is omitted. [

Lemma 7. At each timet = 0, ..., T, there exists a function
& (-) for each k € {1,2} such that

E9 e, (X, U}2) | M}, UF?) = &L (11}, UF?),
E9(cl (I}, Ur2) | M2, TP o2 = 22, 1Py,

(29)
U2). (30)

Proof. We first prove (29). Let m}, u}?, and w} be

the realizations of the random variables M}, U}?2,
and the conditional distribution TII} at each time
t = 0,...,7. Then, we expand the expectation as
E90ce(Xe, U %) | mi,ui®] = 32, co(we,up?) - PI(Xy =
Lt ‘ mt’u% 2) = Zm ct(xt’uiﬁ) th(mt) =: Ctl(wtlau% 2>7
where we can drop the control actions u}? from the
conditioning because they known given the strategy g and
mj. We prove (30) using the same arguments as above. []

Next, we prove that the state S? is sufficient for input-
output mapping from the perspective of agent 2.

Lemma 8. At each time t, the state S? € S? satisfies the
Jfollowing properties stated by Witsenhausen [24]:
1) There exist functions fZ(-) and hZ(-) for all t =

0,...,7 —1, such that
St = f7(SE.T i JUE Wi, VD, (3D
Ziy =W (SETPUE WL V). 6D
2) There exist functions ¢2(-), such that
(X, UF?) = e2(s2, 1Y u?), t=o0,....T. (33)

Proof. To prove these results, we expand the LHS in each
of (31)-(33) to write them in terms of the variables in the
RHS, and construct appropriate functions f!(-), hl(-), and
ét(+) for each time . O

Lemma 8 allows us to construct a centralized stochastic
control problem for agent 2 with state S? that evolves using
(31), control action (I‘[2 Y ,U?), observation Z? given by
(32), and cost ¢7(S2,T ﬁ ], U?) at each time t = 0,...,7.
Furthermore, the performance criterion can be written as a
function of the prescription strategy 12 and control strategy

g% as J2(¢?, g%) = Eg[ t=0 t(Stz’ = U2)}

Problem 3. The problem for agent 2 is infy2 42 T (32, g?),
given the probability distributions of the primitive random
VariablesA {Xo,W;, V12 1t =0,...,T}, and the functions
(&, 202 t=0,... T}

In Problem 3, at each time ¢, the component Hf of the
state S? is completely observed by agent 2. Furthermore,
the unobserved component { X, LE’Q]} can be estimated by
agent 2 using the probability distribution I17. This yields the
following structural result for agent 2 in Problem 3.

Theorem 2. For agent 2 in Problem 3, without loss of
optimality, we can restrict attention to prescription strategies
¥*2 and control strategies g** with the structural form

FE,I] _ w:[ll} (H?),
Ut = g;*(117),

Proof. This result follows from standard arguments for par-
tially observed Markov decision processes [5, page 79]. [

t=0,...,T,
t=0,...,T.

(34)
(35)

Recall that using Lemmas 2 and 3, given a prescription
strategy 1p*2 of the form in Theorem 2, we can con-
struct a corresponding control strategy g*! for agent 1 as
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g L2 = ;P U(II2) (I, for all ¢t = 0,...,T. Then,
gt and ¥;" yield the same control action U} at each
time ¢t = 0,...,7. Thus, we can derive an optimal team
strategy g* for Problem 1 with the structural form

Ul =gt u?), t=0,...,T
U} = g;2(117), t=0,....T

(36)
(37

To this end, we denote the set of feasible team strategies
consistent with (36) and (37) by G”.

IV. THE DYNAMIC PROGRAM

In this section, we present a DP to solve Problem 1 using
the information states. Recall that at each ¢ = 0,..., T, the
memory M? and subsequently, the information state IT? are
available to agent 1. We extend the memory of agent 1 at
the final time step 7 to also include UZ. Any team strategy
g € G can be implemented using the extended memory
{II%, 112, U2} for agent 1, by discarding U%. Next, we show
that the every strategy using the extended memory can also
be implemented using only {IT}., T12.}.

Lemma 9. Let gt : PL x P2 x U2 — U be an extended
control law for time T. Then, we can construct a control law
gk Pk x P2 — Uk such that

Up = gp (I}, 113, UZ) = g3 (1T}, I13.). (38)

Proof. The proof follows by substituting the relation U2 =
g%(I1%) into the extended control law, and constructing gt.(-)

as gp (7, 117,) := gp (T, 117, 97 (T17.) ). O
Lemma 9 establishes that we can equivalently select either
g or gi at time T, because they yield the same control

action U}.. To this end, we simply denote the control law of
agent 1 at time T by g+, even with the extended memory.

A. The Value Functions

In this subsection, we construct the value functions and
corresponding control laws for our DP. Let u¥ and 7F be
the realizations of the random variable U} and information

state TI¥ for each k € {1,2}, for each t = 0,...,T. We
recursively define two value functions at time 7" as
Jp(np,up) = inf ep(mp,ur?), (39)
uk e,
J3(r2) = inf E@Y)[JLITh, u3) | 72, u2].  (40)
ug. €Uz,

The control law for agent 1 at time T is w} = g4t (wh, u%.),

i.e., the arg inf in the RHS of (39). The control law for agent

2 is uk? = gi?(72.), i.e., the arginf in the RHS of (40).
Next, at each time ¢t =T —1,...,0, we recursively define

Jt(ﬂ—?) = lnf C?(Wta%P 1]a t)
u2eu? 4P erl
+ B0 [ (12,) | w2 ud], @D
where at time 7' — 1, by convention Jr(I12.) = J%(I1%.).

The prescription law at time ¢ is ~, e 1/}*[2 Y(#2) and
the control law of agent 2 is u? = g;2(n?), ie., the
arginf in the RHS of (41). The value functions (39)-(41)

and corresponding control laws form a DP for the team.

B. Optimality of the Dynamic Program

In this subsection, we prove the optimality of our DP, start-
ing with time 7. Let g; = (g7, 97) and go.t = (go,---,Gs)-
Furthermore, let J;(g) = E@¥) |27 cp(X,, UF2)| .
Next, we show that the control law g7 is optimal for agent
1 at time 7.

Lemma 10. /) The value function J% in (39) is such that

Tr(g) 2ECVIIL(L UR)), Yged”. @)
2) The corresponding control law git is such that
Tr(gor-1. 97" 97) = BOVI M1, UF). (43)

Proof. 1) Using the extended memory of agent 1 at time 7,
Ul = gh(I1%2,U2). Using Lemma 7, we write that

Jr(g) = E@¥) [ak(

where, in the inequality, we used the definition of J. in (39).
2) We substitute U}. = g4! (I}, U2) in the expansion of
Jr, to write that

Ik, UF?)] > E9%7) [ (1L, U2)],

= @) [l (ITh, g1 (11L, U2), UZ)]
— E@¥) [ JL(T1r, U2)), (44)

jT(QO:T—l 5 g;“la g%)

where, in the second equality, we expand the expectation in
the LHS, substitute the definitions of g7 I and JT from (39),
and note that this yields the expectation in the RHS. O

Next, we show that given the control law g¢4! for agent
1, the control law g3? is optimal for agent 2 at time 7.

Lemma 11. /) The value function J% in (40) is such that

Jr(g) 2 EWYIJR(I)), vVged’ (49
2) The corresponding control law g3? is such that
Tr(gor-1.97,97) = EOVIJR(IZ).  (46)

Proof. 1) Agent 2 at time T generates her action U? as a
function of I1%. Using Lemma 10, for all g € G”,

TIr(g) > EO¥I[IL(ITL, U2)]
= E@¥) [E@¥)) [TL(ITL, UZ) 12, UZ]]

> E@%) [J2(112)], (47)

where, in the equality, we use the law of iterated expecta-
tions, and in the second inequality, we use the definition of
JZ from (40).
2) Starting with the equality in (47), we substitute U}, =

g3 (I1%) to write that

Ir(gor—1, 97" 97°)

= B0¥) [E@YD 7} (10}, g7 (117) | 117]]

2
= EUYD L2 (17)], (48)

where, in the second equality, we expand the expectation in
the LHS, substitute the definitions of g;? and .J2 from (40),
and note that this yields the expectation in the RHS. O
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Next, we show that the laws (v, (2.1] ,g5?) are optimal for
eacht=0,...,7 — 1.

Theorem 3. For any t =0,...,T — 1:
1) The value function J; in (41) is such that

Ji(g) >E@¥) [ J,(112)], Vg e G". (49)

2) The corresponding laws (¢Z[2’1], g;%) are such that
2
Ti(Gor-1,9t" 65 Girir) = EOVIL(IR)], - (50)

where gi' is derived from 1), [2.1] using Lemma 3.

Proof. Note the DP for time steps t = 0,...,7 — 1 is the
same as a centralized DP for Problem 3. The optimality
of such a DP can be proven using mathematical induction
starting with time 7'—1 in a manner similar to [2], [18]. [

Remark 2. At time T, our DP has two sub-steps, each with
a different value function. These sub-steps take advantage of
the nested information structure to directly compute the con-
trol laws at time 7', which involves solving two optimization
problems with respect to control actions. This is simpler than
solving an optimization problem involving a prescription of
agent 2 for agent 1, as in time steps t = 0,...,T — 1. Thus,
our DP presents a simpler solution for the final time step.

V. DISCUSSION AND CONCLUSIONS

In this paper, we introduced a dynamic team of two agents
with a nested information structure and derived structural
results for the optimal control strategies. Our derivation uti-
lized a combination of the person-by-person and prescription
approaches to arrive at a distinct structural form that cannot
be achieved by either of the techniques alone. We also
presented a DP that can be used to derive the optimal control
strategies for a finite time horizon. Our DP utilized the nested
information structure to simplify the computation of optimal
control laws for the team at the final time step. Note that our
results can be extended to teams of n € N agents with nested
information, by iteratively applying the person-by-person
and the prescription approach. While our results do not
yield a time invariant domain for optimal control strategies,
their advantage is that they only require tracking probability
distributions over finite valued supports. Thus, in comparison
to related results in [15], [26], it may be easier to derive
approximate strategies using our results. Furthermore, there
may be systems with specific dynamics where we can divide
the DP into multiple sub-steps at each time step. Our ongoing
work seeks to extend our results to more general information
structures and to investigate decentralized minimax control
problems using these techniques like those reported in [27].
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