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POLICY GRADIENT METHODS FOR THE NOISY LINEAR
QUADRATIC REGULATOR OVER A FINITE HORIZON\ast 

BEN HAMBLY\dagger , RENYUAN XU\dagger , AND HUINING YANG\dagger 

Abstract. We explore reinforcement learning methods for finding the optimal policy in the
linear quadratic regulator (LQR) problem. In particular we consider the convergence of policy
gradient methods in the setting of known and unknown parameters. We are able to produce a global
linear convergence guarantee for this approach in the setting of finite time horizon and stochastic
state dynamics under weak assumptions. The convergence of a projected policy gradient method is
also established in order to handle problems with constraints. We illustrate the performance of the
algorithm with two examples. The first example is the optimal liquidation of a holding in an asset.
We show results for the case where we assume a model for the underlying dynamics and where we
apply the method to the data directly. The empirical evidence suggests that the policy gradient
method can learn the global optimal solution for a larger class of stochastic systems containing the
LQR framework, and that it is more robust with respect to model misspecification when compared
to a model-based approach. The second example is an LQR system in a higher dimensional setting
with synthetic data.
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chastic control, optimal liquidation, optimal execution
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1. Introduction. The linear quadratic regulator (LQR) problem is one of the
most fundamental in optimal control theory. Its aim is to find a control for a linear
dynamical system; that is, the dynamics of the state of the system is described by a
linear function of the current state and input, subject to a quadratic cost. It is an
important problem for a number of reasons: (1) the LQR problem is one of the few
optimal control problems for which there exists a closed-form analytical representation
of the optimal feedback control; (2) when the dynamics are nonlinear and hard to
analyze, an LQR approximation may be obtained as a local expansion and provide
an approximation that is provably close to the original problem; (3) the LQR has
been used in a wide variety of applications. In particular, in the set-up of fixed time
horizon and stochastic dynamics, applications include portfolio optimization [3] and
optimal liquidation [7] in finance, resource allocation in energy markets [40, 45], and
biological movement systems [34].

Until recently much of the work on the LQR problem has focused on solving for
the optimal controls under the assumption that the model parameters are fully known.
See the book of Anderson and Moore [9] for an introduction to the LQR problem with
known parameters. However, assuming that the controller has access to all the model
parameters is not realistic for many applications, and this has led to the exploration
of learning approaches to the problem. We consider reinforcement learning (RL),
one of the three basic machine learning paradigms (alongside supervised learning
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and unsupervised learning). Unlike the situation with full information on the model
parameters, RL is learning to make decisions via trial and error, through interactions
with the (partially) unknown environment. In RL, an agent takes an action and
receives a reinforcement signal in terms of a numerical reward, which encodes the
outcome of her action. In order to maximize the accumulated reward over time,
the agent learns to select her actions based on her past experiences (exploitation)
and/or by making new choices (exploration). There are two popular approaches in
RL to handle the LQR with unknown parameters: the model-based approach and the
model-free approach.

In the paradigm of the model-based approach, the controller estimates the un-
known model parameters and then constructs a control policy based on the estimated
parameters. The classical approach is the certainty equivalence principle [10]: the
unknown parameters are estimated using observations (or samples), and a control
policy is then designed by treating the estimated parameters as the truth. In the first
step, the unknown model parameters can be estimated by standard statistical meth-
ods such as least-squares minimization [19]. The second step is to show that when the
estimated parameters are accurate enough, the policy using the ``plug-in"" estimates
enjoys good theoretical guarantees of being close to optimal. See [19] and [23] for
the optimal gap and sample complexities along this line, and see [21] for the sample
complexity with distributed robust learning. Another line of work in the model-based
regime focuses on uncertainty quantification. The controller updates her posterior
belief or the confidence bounds on the unknown model parameters and then makes
decisions in an online manner; see [1, 2, 20, 31, 39].

Another recently developed approach is the model-free approach, where the con-
troller learns the optimal policy directly via interacting with the system, without
inferring the model parameters. As the optimal policy in the LQR problem is a linear
function of the state, the aim is to determine this linear function. This is equivalent to
learning a set of parameters in matrix form, called the policy matrix. One natural way
to achieve this goal is to apply the gradient descent method in the parameter space
of the policy matrix, also referred to as the policy gradient method. In particular, the
policy gradient method computes the gradient of the cost function with respect to the
policy matrix and then updates the policy in the steepest decent direction to find the
optimal policy. The paper [22] was the first to show that policy gradients converge
to the global optimal solution with polynomial (in the relevant quantities) sample
complexity. However, [22] focuses on the case where the only noise in the system is
in the initial state, and the rest of the state transitions are deterministic. There are
other methods that fall into the category of the model-free approach, including the
actor-critic method [46] and least-squares temporal difference learning [43].

If the true system is indeed linear quadratic, the model-based approaches (may)
outperform the model-free approaches by fully utilizing the linear quadratic structure.
For example, in the setting where the system transition matrices are unknown and
the parameters in the cost function are known, [42] and [44] showed that model-based
methods are (asymptotically) more sample-efficient than some popular model-free
methods. However, we are often uncertain about whether the actual system is linear
quadratic in the learning setting; for instance, there might be some small nonlinear
terms in the system dynamics. Therefore, compared to the model-based approach,
which strongly relies on the assumption that the stochastic system lies within the LQR
framework and may, in practice, suffer from model misspecification, the execution of
the model-free algorithm does not rely on the assumptions of the model. It has been
shown that the policy gradient method can learn the global optimal solution, not only
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for the LQR framework, but also for a more general class of deterministic systems
in the setting of an infinite time horizon [13]. Thus the advantage of the model-free
approach is that it is more robust against model misspecification compared to the
model-based approach.

Our contributions. We now summarize our contributions. Motivated by many
real-word decision-making problems with a fixed deadline and uncertainty in the un-
derlying dynamics, such as the optimal liquidation problem that we discuss in sec-
tion 2, we extend the framework of [22] by incorporating a finite time horizon and
sub-Gaussian noise (which includes Gaussian noise as a special case). In particular,
we provide a global linear convergence guarantee and a polynomial sample complexity
guarantee for the policy gradient method in this setting with both known parameters
(Theorem 3.3) and unknown parameters (Theorem 4.4). The analysis with known
parameters paves the way for learning LQR with unknown parameters. In addition,
numerically solving the Riccati equation with known parameters in high dimensions
may suffer from computational inaccuracy. The policy gradient method provides a
direct way of searching for the optimal solution with known parameters in this case,
which may be of separate interest. Note that the optimal policy is time-invariant for
the LQR with infinite time horizon, whereas the optimal policy is time-dependent
with finite time horizon and hence harder to learn in general. With noise in the
dynamics, we need more careful choices of the hyperparameters to retrieve compat-
ible sample complexities with noisy observations. In addition, when optimal polices
need to satisfy certain constraints, we provide a global convergence result for the pro-
jected policy gradient method in Theorem 4.5. This is required in the context of our
application to the optimal liquidation problem.

We will formulate the optimal liquidation problem over a fixed horizon as a noisy
LQR problem which is essentially the classical Almgren--Chriss formulation [7]. The
performance of the algorithm on NASDAQ ITCH data is assessed. As well as using
the method within this modelling approach, we also consider the performance of the
policy gradient method when applied directly to the data with an appropriate cost
function. This improves the performance of the LQR/Almgren--Chriss solution and
shows promising results for the use of the policy gradient method for problems that
are ``close"" to the LQR framework.

1.1. Related work.
Policy gradient methods for LQR problems. Since the policy gradient method is

the main focus of our paper, here we provide a review of the previous theoretical work
on this method in various LQR settings and extensions. The first global convergence
result for the policy gradient method to learn the optimal policy for LQR problems was
developed in [22] in the setting of infinite horizon and deterministic dynamics. The
work of [22] was extended in [13] to give global optimality guarantees of policy gradient
methods for a larger class of control problems that includes the linear quadratic case.
In particular, this class of control problems satisfies a closure condition under policy
improvement and convexity of policy improvement steps. The paper [14] considers
policy gradient methods for LQR problems in terms of optimizing a real valued matrix
function over the set of feedback gains. The extension of the policy gradient method
to continuous-time can be found in [15]. All of these methods are in the infinite
horizon setting and without the addition of noise in the dynamics.

There has been some work on the case of noisy dynamics, but all in the setting of
infinite horizon. In [26] the problem with a multiplicative noise was discussed, using
a relatively straightforward extension of the deterministic dynamics considered in the
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3362 BEN HAMBLY, RENYUAN XU, AND HUINING YANG

original framework. In the case of additive noise, [32] studies the global convergence of
policy gradient and other learning algorithms for the LQR over an infinite time horizon
and with Gaussian noise. In particular, the policy considered in [32] is a randomized
policy with Gaussian distribution. There is also [35], which studies derivative-free
(zeroth-order) policy optimization methods for the LQR with bounded additive noise.
Finally some other contributions can be found in [16, 47] for zero-sum LQR games
and in [17, 28] for mean-field LQR games.

Compared to [22], our technical difficulties are three-fold. First, due to the time-
dependent nature of the admissible policies over a finite horizon and randomness
from the system noise, we need additional conditions and analysis to guarantee the
well-definedness of the state process, i.e., the nondegeneracy of the controlled state-
covariance matrices. This holds almost for free in the infinite horizon case with
deterministic dynamics. Second, we need to take care of the additional randomness
from the sub-Gaussian noise when developing the perturbation analysis and the gra-
dient dominant condition. Third, we need more advanced concentration inequalities
and tighter upper bounds to provide compatible sample complexity analysis in the
unknown parameter case. See the more detailed discussion in Remark 4.12.

Optimal liquidation. An early mathematical framework for the optimal liquida-
tion problem is due to Almgren and Chriss [7]. In this problem a trader is required to
liquidate a portfolio of shares over a fixed horizon. The selling of a large number of
shares at once has both temporary and permanent impacts on the share price causing
it to decrease. The trader therefore wishes to find a trading strategy which maximizes
her return from, or alternatively, minimizes the cost of, the liquidation of the portfolio
subject to a given level of risk.

This problem has been considered in many papers and extended in many direc-
tions. See, for instance, [5, 6, 25]. We will cast this as an LQR problem and show how
the policy gradient method is a powerful tool for solving this problem even without
assumptions on the model.

More recently techniques from reinforcement learning have been applied to the
optimal liquidation problem. The first paper to do this was [37], where the authors
showed promising results for this approach by designing a Q-learning--based algorithm
to optimally select price levels and passively place limit orders. This was further de-
veloped in [30], which designed a Q-learning--based algorithm for liquidation within
the standard Almgren--Chriss framework. For recent work incorporating deep learn-
ing see, for example, [11, 33, 38, 48]. See [18] and the references therein for a detailed
review on reinforcement learning with applications in finance and economics. How-
ever, all these works focus on the model-free setting without taking advantage of even
weak modelling assumptions on the market dynamics. In addition, the performances
of these proposed algorithms are validated only through empirical studies and no
theoretical guarantee of convergence is provided.

Organization and notation. For any matrix Z = (Z1, . . . , Zd) \in \BbbR m\times d with Zj \in 
\BbbR m (j = 1, 2, . . . , d), Z\top \in \BbbR m\times d denotes the transpose of Z; \| Z\| denotes the spectral
norm of a matrix Z; Tr(Z) denotes the trace of a square matrix Z; \| Z\| F denotes
the Frobenius norm of a matrix Z; \sigma min(Z) denotes the minimal singular value of a
square matrix Z; and vec(Z) = (Z\top 

1 , . . . , Z\top 
d )\top denotes the vectorized version of a

matrix Z. For a sequence of matrices DDD = (D0, . . . , DT ), we define a new norm | | | DDD| | | 
as | | | DDD| | | =

\sum T
t=0 \| Dt\| , where Dt \in \BbbR m\times d. We further denote \scrN (\mu ,\Sigma ) as the Gaussian

distribution with mean \mu \in \BbbR d and covariance matrix \Sigma \in \BbbR d\times d.
The rest of the paper is organized as follows. We introduce the mathematical
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POLICY GRADIENT METHODS FOR LQR 3363

framework and problem set-up in section 2. The first step in our convergence analysis
of the policy gradient method is to consider the case of known model parameters in
section 3. When parameters are unknown, the convergence results for the sample-
based policy gradient method and projected policy gradient method are obtained in
section 4. Finally, the algorithm is applied to a liquidation problem. See sections 2.1
and 5 for the corresponding set-up and algorithm performance, respectively.

We provide some technical proofs in the longer arXiv version of our paper [29],
which can be found at https://arxiv.org/pdf/2011.10300.pdf.

2. Problem set-up. We consider the following LQR problem over a finite time
horizon T :

(2.1) min
\{ ut\} T - 1

t=0

\BbbE 

\Biggl[ 
T - 1\sum 
t=0

\bigl( 
x\top 
t Qtxt + u\top 

t Rtut

\bigr) 
+ x\top 

TQTxT

\Biggr] 
,

such that for t = 0, 1, . . . , T  - 1,

(2.2) xt+1 = Axt +But + wt, x0 \sim \scrD .

Here xt \in \BbbR d is the state of the system with the initial state x0 drawn from a distribu-
tion \scrD , ut \in \BbbR k is the control at time t, and \{ wt\} T - 1

t=0 are zero-mean independent and
identically distributed (i.i.d.) noises which are independent from x0. At this moment,
we only assume x0 and \{ wt\} T - 1

t=0 have finite second moments. That is, \BbbE [x0x
\top 
0 ] and

W := \BbbE [wtw
\top 
t ] (\forall t = 0, 1, . . . , T  - 1) exist. The system parameters A \in \BbbR d\times d and

B \in \BbbR d\times k are referred to as system (transition) matrices; Qt \in \BbbR d\times d (\forall t = 0, 1, . . . , T )
and Rt \in \BbbR k\times k (\forall t = 0, 1, . . . , T  - 1) are matrices that parameterize the quadratic
costs. Note that the expectation in (2.1) is taken with respect to both x0 \sim \scrD and
wt (t = 0, 1, . . . , T  - 1). We further denote by uuu := (u0, . . . , uT - 1), xxx := (x0, . . . , xT ),
www := (w0, . . . , wT - 1), QQQ := (Q0, . . . , QT ), and RRR := (R0, . . . , RT - 1) the profile over
the decision period T .

To solve the LQR problem (2.1)--(2.2), let us start with some conditions on the
model parameters to assure the well-definedness of the problem.

Assumption 2.1 (cost parameter). Assume that Qt \in \BbbR d\times d for t = 0, 1, . . . , T and
Rt \in \BbbR k\times k for t = 0, 1, . . . , T  - 1 are positive definite matrices.

Under Assumption 2.1, we can properly define a sequence of matrices \{ P \ast 
t \} Tt=0 as

the solution to the following dynamic Riccati equation [12]:

(2.3) P \ast 
t = Qt +A\top P \ast 

t+1A - A\top P \ast 
t+1B

\bigl( 
B\top P \ast 

t+1B +Rt

\bigr)  - 1
B\top P \ast 

t+1A,

with terminal condition P \ast 
T = QT . The matrices \{ P \ast 

t \} Tt=0 can be found by solving
the Riccati equations iteratively backwards in time. In particular with a slight mod-
ification of the initial state distribution in [12, Chapter 4.1], we have the following
result.

Lemma 2.2 (well-definedness and the optimal solution [12]). Under Assumption
2.1, the following hold:

1. The solution P \ast 
t to the Riccati equation (2.3) is positive definite \forall t = 0, 1, . . . , T .

2. Then the optimal control sequence \{ ut\} T - 1
t=0 is given by

ut =  - K\ast 
t xt, where(2.4)

K\ast 
t =

\bigl( 
B\top P \ast 

t+1B +Rt

\bigr)  - 1
B\top P \ast 

t+1A.(2.5)
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To find the optimal solution in the linear feedback form (2.4), we only need to
focus on the following class of linear admissible policies in feedback form:

(2.6) ut =  - Ktxt, t = 0, 1, . . . , T  - 1,

which can be fully characterized by KKK := (K0, . . . ,KT - 1).

2.1. Application: The optimal liquidation problem. One application of
the LQR framework (2.1)--(2.2) is the optimal liquidation problem. We give a slight
variant of the setup of Almgren and Chriss [7]. Our aim is to liquidate an amount q0
of an asset, with price S0 at time 0, over the time period [0, T ] with trading decisions
made at discrete time points t = 0, 1, . . . , T  - 1. At each time t our decision is to
liquidate an amount ut of the asset. Any residual holding is then liquidated at time
T . This will have two types of price impact. There will be a temporary price impact,
caused when the order ``walks the book,"" and a permanent price impact as traders
rearrange their positions in light of the sell order. We will assume the impacts are
linear in the number of traded shares.

We write St for the asset price at time t. This evolves according to a Bachelier
model with a linear permanent price impact in that

St+1 = St + \sigma Zt+1  - \gamma ut,

where, for each t = 1, . . . , T , Zt is an independent standard normal random variable,
\sigma is the volatility, and \gamma is the permanent price impact parameter. The inventory
process qt records the current holding in the asset at time t. Thus we have

qt+1 = qt  - ut.

Therefore, the two-dimensional state process is\biggl( 
St+1

qt+1

\biggr) 
=

\biggl( 
1 0
0 1

\biggr) \biggl( 
St

qt

\biggr) 
+

\biggl( 
 - \gamma 
 - 1

\biggr) 
ut +

\biggl( 
\sigma Zt+1

0

\biggr) 
.(2.7)

When selling shares we incur a temporary price impact, parameter \beta , in that if,
at time t, we trade ut of our asset, then we obtain \~St = St - \beta ut per share. Therefore
the total revenue is

\sum T - 1
t=0 ut

\~St+qT \~ST , and CT , the total cost of execution over [0, T ],
is the book value at time 0 minus the revenue:

CT = q0S0  - 
T - 1\sum 
t=0

ut
\~St  - qT \~ST .

In a way similar to [7], after summation by parts, we have

CT =  - \sigma 

T\sum 
t=1

qtZt  - 
\gamma 

2

T - 1\sum 
t=0

u2
t +

\gamma 

2

\bigl( 
q20  - q2T

\bigr) 
+ \beta 

T - 1\sum 
t=0

u2
t + \beta q2T .

The mean and variance of the total cost of execution are given by

\BbbE (C) =

T - 1\sum 
t=0

\delta u2
t + \delta q2T +

\gamma 

2
q20 , var(C) =

T\sum 
t=1

\sigma 2q2t ,

where \delta = \beta  - \gamma /2 summarizes the impact and is assumed positive.
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Following Almgren and Chriss [7], we minimize the following cost function:

(2.8) CAC = min (\BbbE (C) + \phi var(C)) ,

where \phi is a parameter balancing risk versus return. For our LQR framework we take
the cost function to be

CLQR(\epsilon ) = min

\Biggl( 
\BbbE (C) + \phi var(C) + \epsilon 

T\sum 
t=0

S2
t

\Biggr) 
(2.9)

= min

\Biggl( 
T - 1\sum 
t=0

\delta u2
t + \delta q2T +

\gamma 

2
q20 + \phi 

T\sum 
t=1

\sigma 2q2t + \epsilon 

T\sum 
t=0

S2
t

\Biggr) 
.

Note that the term \epsilon 
\sum T

t=0 S
2
t , with some small \epsilon > 0, serves as a regularization term

to guarantee Assumption 2.1 holds. In practice, we can show that the optimal solution
with \epsilon small is close to the Almgren--Chriss solution (when \epsilon = 0). In addition, the
algorithm will still converge with \epsilon = 0. See further discussion in section 5. Thus, in
the LQR formulation we have

A =

\biggl( 
1 0
0 1

\biggr) 
, B = ( - \gamma , - 1)\top , and wt = (\sigma Zt+1, 0)

\top ,

and the objective function has

QT =

\biggl( 
\epsilon 0
0 \delta + \phi \sigma 2

\biggr) 
, Qt =

\biggl( 
\epsilon 0
0 \phi \sigma 2

\biggr) 
, and Rt = \delta .

It is easy to see that Qt for t = 0, 1, . . . , T and Rt for t = 0, 1, . . . , T  - 1 are positive
definite; hence Assumption 2.1 is satisfied.

We will show that the problem is well-defined and can be solved using the methods
of this paper with rigorous convergence guarantees.

3. Exact gradient methods with known parameters. In this section we
assume all the parameters in the model, \{ Qt\} Tt=0, \{ Rt\} T - 1

t=0 , A, B, are known. The
analysis of exact gradient methods with known parameters paves the way for learning
LQR with unknown parameters in section 4. In addition, the policy gradient method
provides an alternative way to solve the LQR problem when the parameters are fully
known. In this setting the Riccati equation (2.3) is just solved backward in time.
However, this operation involves inverting large matrices when the problem is in
high dimensions, which may lead to high computational cost and accumulation of
computational errors.

Since an admissible policy can be fully characterized by KKK, the cost of a policy
KKK can be correspondingly defined as

(3.1) C(KKK) = \BbbE 

\Biggl[ 
T - 1\sum 
t=0

\bigl( 
x\top 
t Qtxt + u\top 

t Rtut

\bigr) 
+ x\top 

TQTxT

\Biggr] 
,

where \{ xt\} Tt=1 and \{ ut\} T - 1
t=0 are the dynamics and controls induced by following KKK,

starting with x0 \sim \scrD . Recall that KKK\ast is the optimal policy for the problem, in that

(3.2) KKK\ast = argmin
KKK

C(KKK),

subject to the dynamics (2.2).
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Well-definedness of the state process. To prove the global convergence of policy
gradient methods, the essential idea is to show the gradient dominance condition,
which states that C(KKK)  - C(KKK\ast ) can be bounded by \| \nabla C(KKK)\| F for any admissible
policy KKK. One of the key steps to guarantee this gradient dominance condition is the
well-definedness of the state covariance matrix. That is, \BbbE [xtx

\top 
t ] is positive definite for

t = 0, 1, . . . , T . This condition holds almost for free for LQR problems with infinite
time horizon and deterministic dynamics. The only condition needed there is the
positive definiteness of \BbbE [x0x

\top 
0 ] (see [22]). However, some effort needs to be made to

ensure that the state covariance matrix is well-defined for LQR problems with finite
horizon and stochastic dynamics. We show that this condition holds under moderate
conditions.

Assumption 3.1 (initial state and noise process (I)). We assume that the following
hold:

1. Initial state: x0 \sim \scrD such that \BbbE [x0x
\top 
0 ] is positive definite.

2. Noise: \{ wt\} T - 1
t=0 are i.i.d. and independent from x0 such that \BbbE [wt] = 0, and

W = \BbbE [wtw
\top 
t ] is positive definite \forall t = 0, 1, . . . , T  - 1.

Define \sigma XXX as the lower bound over all the minimum singular values of \BbbE [xtx
\top 
t ]:

(3.3) \sigma XXX = min
t

\sigma min(\BbbE [xtx
\top 
t ]);

then we have the following result, and the proof can be found in [29].

Lemma 3.2 (well-definedness of the state covariance matrix). Under Assumption
3.1, we have that \BbbE [xtx

\top 
t ] is positive definite for t = 0, 1, . . . , T under any control

policy KKK. Therefore, \sigma XXX > 0.

Lemma 3.2 implies that if the initial state and the noise driving the dynamics
are nondegenerate, the covariance matrices of the state dynamics are positive defi-
nite for any policy KKK. However, the covariance matrix may be degenerate in many
applications, especially when inventory processes are involved. (See, for example,
the liquidation problem (2.7).) In this case, some problem-dependent conditions are
needed to guarantee that \sigma XXX > 0 holds. See further discussion on the condition
\sigma XXX > 0 for the liquidation problem in section 5.1. In light of this we will assume that
\sigma XXX > 0 in the analysis of the convergence of the algorithm in sections 3 and 4.

Similarly, we define \sigma RRR and \sigma QQQ to be the smallest values of all the minimum
singular values of RRR and QQQ:

\sigma RRR = min
t

\sigma min(Rt),(3.4)

\sigma QQQ = min
t

\sigma min(Qt).(3.5)

Under Assumption 2.1, we have \sigma RRR > 0 and \sigma QQQ > 0.
We write \scrH = \{ h | h are polynomials in the model parameters\} and \scrH (.) when

there are other dependencies. The model parameters are in terms of d, k, 1
\| A\| ,

1
\| A\| +1 ,

\| A\| , 1
\| B\| ,

1
\| B\| +1 , \| B\| , 1

| | | RRR| | | ,
1

| | | RRR| | | +1 , | | | RRR| | | , 1
\| W\| ,

1
\| W\| +1 , \| W\| , 1

\sigma QQQ
, 1
\sigma QQQ +1 , \sigma QQQ,

1
\sigma RRR

, 1
\sigma RRR +1 ,

\sigma RRR,
1

\sigma XXX
, 1

\sigma XXX +1 , \sigma XXX , | | | QQQ| | | , \BbbE [x0x
\top 
0 ], and

1
\BbbE [x0x\top 

0 ]
.

Exact gradient descent. We consider the following exact gradient descent updating
rule to find the optimal solution (3.2):

Kn+1
t = Kn

t  - \eta \nabla tC(KKKn) \forall 0 \leq t \leq T  - 1,(3.6)
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where n is the number of iterations, \nabla tC(KKK) = \partial C(KKK)
\partial Kt

is the gradient of C(KKK) with
respect to Kt, and \eta is the step size. We further denote \nabla C(KKK) = (\nabla 0C(KKK), . . . ,
\nabla T - 1C(KKK)).

Let us define the state covariance matrix

(3.7) \Sigma t = \BbbE 
\bigl[ 
xtx

\top 
t

\bigr] 
, t = 0, 1, . . . , T,

where \{ xt\} Tt=1 is a state trajectory generated by KKK. Further define a matrix \Sigma KKK as
the sum of \Sigma t,

(3.8) \Sigma KKK =

T\sum 
t=0

\Sigma t = \BbbE 
\Bigl[ T\sum 

t=0

xtx
\top 
t

\Bigr] 
.

Then, the main result for this setting is the following.

Theorem 3.3 (global convergence of gradient methods). Assume Assumption 2.1
holds. Further assume that \sigma XXX > 0 and C(KKK0) is finite. Then, for an appropriate
(constant) setting of the step size \eta \in \scrH ( 1

C(KKK0)+1 ), and for \epsilon > 0, if we have

N \geq \| \Sigma KKK\ast \| 
2\eta \sigma XXX

2 \sigma RRR

log
C(KKK0) - C(KKK\ast )

\epsilon 
,

the exact gradient descent method (3.6) enjoys the following performance bound:

C(KKKN ) - C(KKK\ast ) \leq \epsilon .

The proof of Theorem 3.3 relies on the regularity of the LQR problem, some
properties of the gradient descent dynamics, and the perturbation analysis of the
covariance matrix of the controlled dynamics.

3.1. Regularity of the LQR problem and properties of the gradient
descent dynamics. Let us start with the analysis of some properties of the LQR
problem (2.1)--(2.2). To start, Proposition 3.4 focuses on the well-definedness of the
Ricatti system \{ PKKK

t \} Tt=0 induced by a control KKK; Lemma 3.5 gives a representation
of the gradient term; Lemma 3.6 and Lemma 3.7 provide the gradient dominance
condition and a smoothness condition on the cost function C(KKK) with respect to
policy KKK, respectively; and finally, Lemma 3.8 gives two useful upper bounds on
Ricatti system and state covariance matrices.

In the finite time horizon setting, define PKKK
t as the solution to

(3.9) PKKK
t = Qt +K\top 

t RtKt + (A - BKt)
\top 
PKKK
t+1 (A - BKt) , t = 0, 1, . . . , T  - 1,

with terminal condition
PKKK
T = QT .

Note that (3.9) is equivalent to the Riccati equation (2.3) with optimal Kt = K\ast 
t as

given by (2.5). We have the following result on the well-definedness of PKKK
t , the proof

of which can be found in [29].

Proposition 3.4. Under Assumption 2.1, the matrices PKKK
t for t = 0, 1, . . . , T

derived from (3.9) are positive definite.

To ease the exposition, we write PKKK
t as Pt when there is no confusion. Then the

cost of KKK can be rewritten as

C(KKK) = \BbbE x0\sim \scrD 

\Bigl[ 
x\top 
0 P0x0 + L0

\Bigr] 
,
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where, for t = 0, 1, . . . , T  - 1,

(3.10) Lt = Lt+1 + \BbbE [w\top 
t Pt+1wt] = Lt+1 +Tr(WPt+1),

with LT = 0. To see this,

\BbbE [x\top 
0 P0x0] + L0

= \BbbE 

\Biggl[ 
x\top 
0 Q0x0 + x\top 

0 K
\top 
0 R0K0x0 + x\top 

0 (A - BK0)
\top 
P1 (A - BK0)x0 +

T - 1\sum 
t=0

w\top 
t Pt+1wt

\Biggr] 

= \BbbE 

\Biggl[ 
x\top 
0 Q0x0 + u\top 

0 R0u0 + x\top 
1 P1x1 +

T - 1\sum 
t=1

w\top 
t Pt+1wt

\Biggr] 

= \BbbE 

\Biggl[ 
T - 1\sum 
t=0

\bigl( 
x\top 
t Qtxt + u\top 

t Rtut

\bigr) 
+ x\top 

TQTxT

\Biggr] 
.

In addition, define

(3.11) Et = (Rt +B\top Pt+1B)Kt  - B\top Pt+1A, t = 0, 1, . . . , T  - 1.

Then we have the following representation of the gradient term.

Lemma 3.5. The policy gradient has the following form for t = 0, 1, . . . , T  - 1:

\nabla tC(KKK) = 2
\bigl( \bigl( 
Rt +B\top Pt+1B

\bigr) 
Kt  - B\top Pt+1A

\bigr) 
\BbbE 
\bigl[ 
xtx

\top 
t

\bigr] 
= 2Et\Sigma t.

Proof. Since

C(KKK) = \BbbE 
\Bigl[ 
x\top 
0 P0x0 + L0

\Bigr] 
= \BbbE 

\biggl[ 
x\top 
0 (Q0 +K\top 

0 R0K0)x0 + x\top 
0 (A - BK0)

\top P1(A - BK0)x0 +

T - 1\sum 
t=0

w\top 
t Pt+1wt

\biggr] 
,

we have

\nabla 0C(KKK) =
\partial C(KKK)

\partial K0
= \BbbE 

\Bigl[ 
2R0K0x0x

\top 
0  - 2B\top P1(A - BK0)x0x

\top 
0

\Bigr] 
= 2E0\BbbE 

\Bigl[ 
x0x

\top 
0

\Bigr] 
= 2E0\Sigma 0.

Similarly, \forall t = 0, 1, . . . , T  - 1,

\nabla tC(KKK) = 2
\bigl( \bigl( 
Rt +B\top Pt+1B

\bigr) 
Kt  - B\top Pt+1A

\bigr) 
\BbbE [xtx

\top 
t ] = 2Et\BbbE 

\Bigl[ 
xtx

\top 
t

\Bigr] 
= 2Et\Sigma t,

where the expectation \BbbE is taken with respect to both initial distribution x0 \sim \scrD and
noises www.

In classical optimization theory [22], gradient domination and smoothness of the
objective function are two key conditions to guarantee the global convergence of the
gradient descent methods. To prove that C(KKK) is gradient dominated, we first prove
Lemma 3.6, which indicates that for a policy KKK, the distance between C(KKK) and the
optimal cost C(KKK\ast ) is bounded by the sum of the magnitude of the gradient \nabla tC(KKK)
for t = 0, 1, . . . , T  - 1.
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Lemma 3.6. Assume Assumption 2.1 and \sigma XXX > 0. Let KKK\ast be an optimal policy
and C(KKK) be finite; then

\sigma XXX

T - 1\sum 
t=0

1

\| Rt +B\top Pt+1B\| 
Tr(E\top 

t Et) \leq C(KKK) - C(KKK\ast )

\leq \| \Sigma KKK\ast \| 
4\sigma XXX

2 \sigma RRR

T - 1\sum 
t=0

Tr(\nabla tC(KKK)\top \nabla tC(KKK)),

where \sigma XXX and \sigma QQQ are defined in (3.3) and (3.4).

We defer the proof of Lemma 3.6 to [29]. Lemma 3.6 implies that when the
gradient becomes small, the value of the objective function is close to C(KKK\ast ). Now
we consider the smoothness condition of the objective function. Recall that a function
f : \BbbR n \rightarrow \BbbR is said to be smooth if

| f(x) - f(y) - \nabla f(y)\top (x - y)| \leq M

2
\| x - y\| 2 \forall x, y \in \BbbR n,

for some finite constant M . In general, it is difficult to characterize the smoothness of
C(KKK), since it may blow up when A - BKt is large. Here we will prove that C(KKK) is
``almost"" smooth, in the sense that when KKK \prime is sufficiently close to KKK, C(KKK \prime ) - C(KKK)
is bounded by the sum of the first and second order terms in KKK  - KKK \prime .

Lemma 3.7 (``almost smoothness""). Let \{ x\prime 
t\} be the sequence of states for a single

trajectory generated by KKK \prime starting from x\prime 
0 = x0. Then, C(KKK) satisfies

C(KKK \prime ) - C(KKK) =

T - 1\sum 
t=0

\Bigl[ 
2Tr

\Bigl( 
\Sigma \prime 

t(K
\prime 
t  - Kt)

\top Et

\Bigr) 
(3.12)

+ Tr
\Bigl( 
\Sigma \prime 

t(K
\prime 
t  - Kt)

\top (Rt +B\top Pt+1B)(K \prime 
t  - Kt)

\Bigr) \Bigr] 
,

where \Sigma \prime 
t = \BbbE 

\bigl[ 
x\prime 
t(x

\prime 
t)

\top \bigr] .
We defer the proof of Lemma 3.7 to [29]. To see why Lemma 3.7 is related to the

smoothness, observe that when KKK \prime is sufficiently close to KKK, in the sense that

\Sigma \prime 
t \approx \Sigma t +O(\| Kt  - K \prime 

t\| ) \forall t = 0, 1, . . . , T  - 1,

the first term in (3.12) will behave as Tr ((Kt  - K \prime 
t)\nabla tC(KKK)) by Lemma 3.5, and the

second term in (3.12) will be of second order in Kt  - K \prime 
t.

To utilize Lemmas 3.6 and 3.7 in the proof of Theorem 3.3, we need to further
bound Pt and \Sigma KKK , which is provided below in Lemma 3.8. The proof can be found
in [29].

Lemma 3.8. Assume that Assumption 2.1 holds, and \sigma XXX > 0. Then we have

\| Pt\| \leq C(KKK)

\sigma XXX

, \| \Sigma KKK\| \leq C(KKK)

\sigma QQQ

,

where \sigma XXX and \sigma QQQ are defined as in (3.3) and (3.5).
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3.2. Perturbation analysis of \Sigma \bfitK . First, let us define two linear operators
on symmetric matrices. For X \in \BbbR d\times d we set

\scrF Kt
(X) = (A - BKt)X(A - BKt)

\top ,

\scrT KKK(X) := X +

T - 1\sum 
t=0

\Pi t
i=0(A - BKi)X \Pi t

i=0(A - BKt - i)
\top .

If we write \scrG t = \scrF Kt
\circ \scrF Kt - 1

\circ \cdot \cdot \cdot \circ \scrF K0
, then

\scrG t(X) = \scrF Kt
\circ \scrG t - 1(X) = \Pi t

i=0(A - BKi)X \Pi t
i=0(A - BKt - i)

\top ,(3.13)

\scrT KKK(X) = X +

T - 1\sum 
t=0

\scrG t(X).(3.14)

We first show the relationship between the operator \scrT KKK and the quantity \Sigma KKK . The
proof can be found in [29].

Proposition 3.9. For T \geq 2, we have that

(3.15) \Sigma KKK = \scrT KKK(\Sigma 0) + \Delta (KKK,W ),

where \Delta (KKK,W ) =
\sum T - 1

t=1

\sum t
s=1 Dt,sWD\top 

t,s + T W, with Dt,s = \Pi t
u=s(A  - BKu) (for

s = 1, 2, . . . , t), and \Sigma 0 = \BbbE 
\bigl[ 
x0x

\top 
0

\bigr] 
.

Let

\rho := max
\Bigl\{ 

max
0\leq t\leq T - 1

\| A - BKt\| , max
0\leq t\leq T - 1

\| A - BK \prime 
t\| , 1 + \xi 

\Bigr\} 
(3.16)

for some small constant \xi > 0. Then we have the following result on perturbations of
\Sigma KKK .

Lemma 3.10 (perturbation analysis of \Sigma K). Assume Assumption 2.1 holds. Then\bigm\| \bigm\| \bigm\| \Sigma KKK  - \Sigma KKK\prime 

\bigm\| \bigm\| \bigm\| \leq 
\bigm\| \bigm\| \bigm\| (\scrT KKK  - \scrT KKK\prime )(\Sigma 0)

\bigm\| \bigm\| \bigm\| + \| \Delta (KKK,W ) - \Delta (KKK \prime ,W )\| 

\leq \rho 2T  - 1

\rho 2  - 1

\biggl( 
C(KKK)

\sigma QQQ

+ T\| W\| 
\biggr) \Bigl( 

2\rho \| B\| | | | KKK  - KKK \prime | | | + \| B\| 2 | | | KKK  - KKK \prime | | | 2
\Bigr) 
.

Remark 3.11. By the definition of \rho in (3.16), we have \rho \geq 1 + \xi > 1. This
regularization term 1 + \xi is defined for ease of exposition. Alternatively, if we define
\rho := max

\bigl\{ 
max0\leq t\leq T - 1 \| A - BKt\| ,max0\leq t\leq T - 1 \| A - BK \prime 

t\| 
\bigr\} 
, a similar analysis can

still be carried out by considering the different cases: \rho < 1, \rho = 1, and \rho > 1.
Note that for the infinite horizon problem, the spectral radius of A  - BK needs to
be smaller than 1 to guarantee the stability of the system (see [22]). In our setting
with finite horizon, instability is not an issue and we do not need a condition on the
boundedness of \rho . However, we will show later that \rho does appear in the sample
complexity results. The smaller the \rho , the smaller the sample complexity.

The proof of Lemma 3.10 is based on Lemmas 3.12 and 3.13 below, which establish
the Lipschitz property for the operators \scrF Kt

and \scrG t, respectively.

Lemma 3.12. It holds that \forall t = 0, 1, . . . , T  - 1,

\| \scrF Kt
 - \scrF K\prime 

t
\| \leq 2\| A - BKt\| \| B\| \| Kt  - K \prime 

t\| + \| B\| 2\| Kt  - K \prime 
t\| 2.(3.17)
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We refer the reader to [22, Lemma 19] for the proof of Lemma 3.12.
Recall the definition of \scrG t in (3.13) associated with KKK; similarly let us define

\scrG \prime 
t = \scrF K\prime 

t
\circ \scrF K\prime 

t - 1
\circ \cdot \cdot \cdot \circ \scrF K\prime 

0
for policy KKK \prime . Then we have the following perturbation

analysis for \scrG t.

Lemma 3.13 (perturbation analysis for \scrG t). For any symmetric matrix \Sigma \in \BbbR d\times d,
we have that

T - 1\sum 
t=0

\bigm\| \bigm\| \bigm\| (\scrG t  - \scrG \prime 
t)(\Sigma )

\bigm\| \bigm\| \bigm\| \leq \rho 2T  - 1

\rho 2  - 1

\Bigl( T - 1\sum 
t=0

\| \scrF Kt  - \scrF K\prime 
t
\| 
\Bigr) 
\| \Sigma \| .(3.18)

We defer the proof of Lemma 3.13 to [29]. The following perturbation analysis
on \scrT follows immediately from Lemma 3.13.

Corollary 3.14. For any symmetric matrix \Sigma \in \BbbR d\times d, we have

\bigm\| \bigm\| \bigm\| (\scrT KKK  - \scrT KKK\prime )(\Sigma )
\bigm\| \bigm\| \bigm\| \leq \rho 2T  - 1

\rho 2  - 1

\biggl( T - 1\sum 
t=0

\| \scrF Kt
 - \scrF K\prime 

t
\| 
\biggr) 
\| \Sigma \| ,(3.19)

where \rho is defined as in (3.16).

Now we are ready for the proof of Lemma 3.10.

Proof of Lemma 3.10. Using Lemma 3.12,

T - 1\sum 
t=0

\| \scrF Kt
 - \scrF K\prime 

t
\| =

T - 1\sum 
t=0

\Bigl( 
2\| A - BKt\| \| B\| \| Kt  - K \prime 

t\| + \| B\| 2\| Kt  - K \prime 
t\| 2
\Bigr) 

\leq 2\rho \| B\| 
T - 1\sum 
t=0

\| Kt  - K \prime 
t\| + \| B\| 2

T - 1\sum 
t=0

\| Kt  - K \prime 
t\| 2.

In the same way as for the proof of Lemma 3.13, we have, \forall t = 1, . . . , T  - 1,

(3.20)

t\sum 
s=1

\bigm\| \bigm\| Dt,sWD\top 
t,s  - D\prime 

t,sW (D\prime 
t,s)

\top \bigm\| \bigm\| \leq \rho 2T  - 1

\rho 2  - 1

\Biggl( 
t\sum 

s=0

\| \scrF Ks  - \scrF K\prime 
s
\| 

\Biggr) 
\| W\| .

By Proposition 3.9, Corollary 3.14, (3.14), and (3.20), we have

\bigm\| \bigm\| \bigm\| \Sigma KKK  - \Sigma KKK\prime 

\bigm\| \bigm\| \bigm\| \leq 
\bigm\| \bigm\| \bigm\| (\scrT KKK  - \scrT KKK\prime )(\Sigma 0)

\bigm\| \bigm\| \bigm\| + T - 1\sum 
t=1

t\sum 
s=1

\bigm\| \bigm\| \bigm\| Dt,sWD\top 
t,s  - D\prime 

t,sW (D\prime 
t,s)

\top 
\bigm\| \bigm\| \bigm\| 

\leq \rho 2T  - 1

\rho 2  - 1

\biggl( T - 1\sum 
t=0

\| \scrF Kt
 - \scrF K\prime 

t
\| 
\biggr) 
(\| \Sigma 0\| + T\| W\| )

\leq \rho 2T  - 1

\rho 2  - 1

\biggl( 
C(KKK)

\sigma QQQ

+ T\| W\| 
\biggr) \Bigl( 

2\rho \| B\| | | | KKK  - KKK \prime | | | + \| B\| 2 | | | KKK  - KKK \prime | | | 2
\Bigr) 
.

(3.21)

The last inequality holds since \| \Sigma 0\| \leq \| \Sigma KKK\| \leq C(KKK)
\sigma QQQ

by Lemma 3.8.

3.3. Convergence and complexity analysis. We now provide the proof of
Theorem 3.3 after two preliminary lemmas.
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Lemma 3.15. Assume Assumption 2.1 holds, \sigma XXX > 0, and

(3.22) K \prime 
t = Kt  - \eta \nabla tC(KKK),

where

(3.23)

\eta \leq min

\Biggl\{ 
(\rho 2  - 1)\sigma QQQ \sigma XXX

2T (\rho 2T  - 1)(2\rho + 1)(C(KKK) + \sigma QQQ T\| W\| )\| B\| maxt\{ \| \nabla tC(KKK)\| \} 
,

1

2C1

\Biggr\} 
,

with

C1 =

\biggl( 
C(KKK)

\sigma QQQ

+ T\| W\| 
\biggr) \Biggl( 

(2\rho + 1)\| B\| (\rho 2T  - 1)

(\rho 2  - 1)\sigma XXX

T - 1\sum 
t=0

\| \nabla tC(KKK)\| 

\Biggr) 
(3.24)

+
2C(KKK)

\sigma QQQ

T - 1\sum 
t=0

\| Rt +B\top Pt+1B\| .

Then we have

C(KKK \prime ) - C(KKK\ast ) \leq 
\Bigl( 
1 - 2\eta \sigma RRR

\sigma XXX
2

\| \Sigma KKK\ast \| 

\Bigr) \Bigl( 
C(KKK) - C(KKK\ast )

\Bigr) 
.

We defer the proof of Lemma 3.15 to [29].

Lemma 3.16. Assume Assumption 2.1 holds and \sigma XXX > 0. Then we have that

T - 1\sum 
t=0

\| \nabla tC(KKK)\| 2 \leq 4
\Bigl( C(KKK)

\sigma QQQ

\Bigr) 2maxt \| Rt +B\top Pt+1B\| 
\sigma XXX

(C(KKK) - C(KKK\ast )),

and that

T - 1\sum 
t=0

\| Kt\| \leq 1

\sigma RRR

\Biggl( \sqrt{} 
T \cdot maxt \| Rt +B\top Pt+1B\| 

\sigma XXX

(C(KKK) - C(KKK\ast )) +

T - 1\sum 
t=0

\| B\top Pt+1A\| 

\Biggr) 
.

Proof. Using Lemma 3.8 we have

T - 1\sum 
t=0

\| \nabla tC(KKK)\| 2 \leq 4

T - 1\sum 
t=0

Tr(\Sigma tE
\top 
t Et\Sigma t) \leq 4

T - 1\sum 
t=0

\| \Sigma t\| 2 Tr(E\top 
t Et)

\leq 4
\Bigl( C(KKK)

\sigma QQQ

\Bigr) 2 T - 1\sum 
t=0

Tr(E\top 
t Et).

From Lemma 3.6 we have

C(KKK) - C(KKK\ast ) \geq \sigma XXX

T - 1\sum 
t=0

1

\| Rt +B\top Pt+1B\| 
Tr(E\top 

t Et)(3.25)

\geq \sigma XXX

maxt \| Rt +B\top Pt+1B\| 

T - 1\sum 
t=0

Tr(E\top 
t Et),
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and hence

T - 1\sum 
t=0

\| \nabla tC(KKK)\| 2 \leq 4
\Bigl( C(KKK)

\sigma QQQ

\Bigr) 2maxt \| Rt +B\top Pt+1B\| 
\sigma XXX

(C(KKK) - C(KKK\ast )).

For the second claim, using Lemma 3.6 again,

T - 1\sum 
t=0

\| Kt\| =

T - 1\sum 
t=0

\| (Rt +B\top Pt+1B) - 1Kt(Rt +B\top Pt+1B)\| 

\leq 
T - 1\sum 
t=0

1

\sigma min(Rt)
\| Kt(Rt +B\top Pt+1B)\| \leq 

T - 1\sum 
t=0

1

\sigma min(Rt)

\Bigl( 
\| Et\| + \| B\top Pt+1A\| 

\Bigr) 
\leq 

T - 1\sum 
t=0

\Biggl( \sqrt{} 
Tr(E\top 

t Et)

\sigma min(Rt)
+

\| B\top Pt+1A\| 
\sigma min(Rt)

\Biggr) 

\leq 1

\sigma RRR

\Biggl( \sqrt{}    T \cdot 
T - 1\sum 
t=0

Tr(E\top 
t Et) +

T - 1\sum 
t=0

\| B\top Pt+1A\| 

\Biggr) 

\leq 1

\sigma RRR

\Biggl( \sqrt{} 
T \cdot maxt \| Rt +B\top Pt+1B\| 

\sigma XXX

(C(KKK) - C(KKK\ast )) +

T - 1\sum 
t=0

\| B\top Pt+1A\| 

\Biggr) 
.

The second inequality holds by the definition of Et in (3.11), the next to last step
uses the Cauchy--Schwarz inequality, and the last inequality holds by (3.25).

Proof of Theorem 3.3. In order to show the existence of a positive \eta such that
(3.23) holds, it suffices to show there exists a positive lower bound on the right-hand
side of (3.23). By Lemma 3.16 and the Cauchy--Schwarz inequality,

T - 1\sum 
t=0

\| \nabla tC(KKK)\| \leq 

\sqrt{}    T \cdot 
T - 1\sum 
t=0

\| \nabla tC(KKK)\| 2(3.26)

\leq 

\sqrt{} 
4T \cdot 

\Bigl( C(KKK)

\sigma QQQ

\Bigr) 2maxt \| Rt +B\top Pt+1B\| 
\sigma XXX

(C(KKK) - C(KKK\ast )).

Note that if d < ab + c for some a > 0, b > 0, c > 0, and d > 0, then 1
d >

1
(a+1)(b+1)(c+1) . Also 1

an+1 > 1
(a+1)n for a > 0 and n \in \BbbN +. Therefore, based on

(3.24) and (3.26), 1
C1

is bounded below by polynomials in 1
\rho ,

1
C(KKK)+1 ,

1
\| B\| +1 ,

1
| | | RRR| | | +1 ,

1
\| W\| +1 , \sigma XXX , \sigma QQQ,

1
\sigma XXX +1 , and

1
\sigma QQQ +1 .

Now we aim to show that 1
\rho is bounded below by some polynomials in the param-

eters. To see this, let us first show that \rho is bounded above by polynomials in \| A\| ,
\| B\| , | | | RRR| | | , 1

\sigma XXX
, 1

\sigma RRR
, and C(KKK). Since \| B\| \| K \prime 

t  - Kt\| \leq \sigma QQQ \sigma XXX

4C(KKK) \leq 1
2 holds under the

assumptions in Lemma 3.15, we have

max
0\leq t\leq T - 1

\| A - BK \prime 
t\| \leq max

0\leq t\leq T - 1
(\| A - BKt\| + \| B\| \| K \prime 

t  - Kt\| ) \leq max
0\leq t\leq T - 1

\| A - BKt\| +
1

2
;
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thus

\rho = max
\Bigl\{ 

max
0\leq t\leq T - 1

\| A - BKt\| , max
0\leq t\leq T - 1

\| A - BK \prime 
t\| , 1 + \xi 

\Bigr\} 
\leq max

\Bigl\{ 
max

0\leq t\leq T - 1
\| A - BKt\| +

1

2
, 1 + \xi 

\Bigr\} 
\leq max

\Bigl\{ 
\| A\| + \| B\| 

T - 1\sum 
t=0

\| Kt\| +
1

2
, 1 + \xi 

\Bigr\} 
.

(3.27)

Given the bound on
\sum T - 1

t=0 \| Kt\| by Lemma 3.16 and \| Pt\| \leq C(KKK)
\sigma XXX

by Lemma 3.8, \rho is

bounded above by polynomials in \| A\| , \| B\| , | | | RRR| | | , 1
\sigma XXX

, 1
\sigma RRR

, and C(KKK), or a constant

1 + \xi . Therefore 1
\rho is bounded below by polynomials in 1

\| A\| +1 ,
1

\| B\| +1 ,
1

| | | RRR| | | +1 , \sigma XXX ,

\sigma RRR, and 1
C(KKK)+1 , or a constant 1

1+\xi . Hence, by choosing \eta \in \scrH ( 1
C(KKK0)+1 ) to be

an appropriate polynomial in 1
C(KKK0) ,

1
C(KKK0)+1 ,

1
\| A\| +1 ,

1
\| B\| +1 ,

1
| | | RRR| | | +1 ,

1
\| W\| +1 , \sigma XXX ,

\sigma QQQ, \sigma RRR,
1

\sigma XXX +1 , and
1

\sigma QQQ +1 , (3.23) is satisfied, since by performing gradient descent,

C(KKK1) < C(KKK0). Therefore, by Lemma 3.15, we have

C(KKK1) - C(KKK\ast ) \leq 
\Bigl( 
1 - 2\eta \sigma RRR

\sigma XXX
2

\| \Sigma KKK\ast \| 

\Bigr) \Bigl( 
C(KKK0) - C(KKK\ast )

\Bigr) 
,

which implies that the cost decreases at n = 1. Suppose that C(KKKn) \leq C(KKK0); then
the step size condition in (3.23) is still satisfied by Lemma 3.16. Thus, Lemma 3.15
can again be applied for the update at round n+ 1 to obtain

C(KKKn+1) - C(KKK\ast ) \leq 
\Bigl( 
1 - 2\eta \sigma RRR

\sigma XXX
2

\| \Sigma KKK\ast \| 

\Bigr) \Bigl( 
C(KKKn) - C(KKK\ast )

\Bigr) 
.

For \epsilon > 0, provided N \geq \| \Sigma KKK\ast \| 
2\eta \sigma XXX

2 \sigma RRR
log C(KKK0) - C(KKK\ast )

\epsilon , we have

C(KKKN ) - C(KKK\ast ) \leq \epsilon .

4. Sample-based policy gradient method with unknown parameters. In
the setting with unknown parameters, the controller has only simulation access to the
model; the model parameters, A, B, \{ Qt\} Tt=0, \{ Rt\} T - 1

t=0 , are unknown. By using a
zeroth-order optimization method to approximate the gradient, this section proves
the policy gradient method with unknown parameters also leads to a global optimal
policy, with both polynomial computational and sample complexities.

Note that in this section, when bounding the Frobenius norm of a matrix, we
usually treat the matrix as a stacked vector. Therefore we denote by D = k \times d the
dimension of the corresponding vector formed from the KKK matrix for convenience in
the proofs. Therefore in each iteration n = 1, 2, . . . , N , we can update the policy as,
for t = 0, 1, . . . , T  - 1,

Kn+1
t = Kn

t  - \eta \widehat \nabla tC(KKKn),(4.1)

where \widehat \nabla tC(KKKn) is the estimate of \nabla tC(KKKn). We analyze Algorithm 4.1 below.

Remark 4.1 (zeroth-order optimization approach in the subroutine (4.2)). In the
estimation of the gradient term (4.2), we adopt a zeroth-order optimization method,
using only query access to a sample of the reward function c(\cdot ) at input points KKK,
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Algorithm 4.1. Policy gradient estimation with unknown parameters.

1: Input: KKK, number of trajectories m, smoothing parameter r, dimension D
2: for i \in \{ 1, . . . ,m\} do
3: for t \in \{ 0, . . . , T  - 1\} do

4: Sample the (sub-)policy at time t: \widehat Ki
t = Kt+U i

t where U
i
t is drawn uniformly

at random over matrices such that \| U i
t\| F = r.

5: Denote \widehat cti as the single trajectory cost with policy
(KKK - t, \widehat Ki

t) := (K0, . . . ,Kt - 1, \widehat Ki
t ,Kt, . . . ,KT - 1) starting from xi

0 \sim \scrD .
6: end for
7: end for
8: Return the estimates of \nabla tC(KKK) for each t:

\widehat \nabla tC(KKK) =
1

m

m\sum 
i=1

D

r2
\widehat cti U i

t .(4.2)

without querying the gradients and higher order derivatives of c(\cdot ). In a way similar
to the observation in [22], the objective C(KKK) may not be finite for every policy KKK
when Gaussian smoothing is applied; therefore \BbbE UUU\sim \scrN (0,\sigma 2I)[C(KKK + UUU)] may not be
well-defined. This is avoidable by smoothing over the surface of a ball. The step (4.2)

(in Algorithm 4.1) provides a procedure to find a (bounded bias) estimate \nabla \widehat C(KKK) of
\nabla C(KKK).

The idea in (4.2) is to approximate the gradient of a function by only using the
function values (see, e.g., Lemma 2.1 in [24]). Observe that by a Taylor expansion
to first order, \BbbE [f(x + U)U ] \approx \BbbE [(\nabla f(x) \cdot U)U ] = \nabla f(x)r2/D when x \in \BbbR D and U
is uniform over the surface of the ball of radius r in \BbbR D. Thus the gradient of the
function f at x can be estimated by averaging over the samples D

r2 f(x+ U)U .
Note that in Algorithm 4.1, we require mNT 2 samples to perform the policy

gradient method N times.
To guarantee the global convergence of the sample-based algorithm (Algorithm

4.1), we propose some conditions on the distribution of x0 and \{ wt\} T - 1
t=0 , in addition

to the finite second moment condition specified in section 2.

Definition 4.2. A zero-mean random variable X
1. is said to be sub-Gaussian with variance proxy \sigma 2, and we write X \in SG(\sigma 2)

if its moment generating function satisfies \BbbE [exp(\lambda X)] \leq exp(\lambda 
2\sigma 2

2 ) for all
\lambda \in \BbbR ;

2. is said to be subexponential with parameters (\nu 2, \alpha ), and we write X \in SE(\nu 2, \alpha )

if \BbbE [exp(\lambda X)] \leq exp(\lambda 
2\nu 2

2 ) for any \lambda such that | \lambda | \leq 1
\alpha .

We assume the initial distribution and the noise in the state process dynamics
satisfy the following assumptions.

Assumption 4.3 (initial state and noise process (II)).

1. Initial state: x0 = \widetilde W0z0, where z0 = (z0,1, . . . , z0,d) \in \BbbR d is a random vector
with independent components z0,i which are sub-Gaussian, mean-zero, and

have sub-Gaussian parameter \sigma 2
0 ;
\widetilde W0 \in \BbbR d\times d is an unknown and deterministic

matrix.
2. Noise process: wt = \widetilde Wvt, where vt := (vt,1, . . . , vt,d) \in \BbbR d are i.i.d. and inde-
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pendent of x0. vt has independent components vt,i which are sub-Gaussian,

mean-zero, and have sub-Gaussian parameter \sigma 2
w \forall t = 0, 1, . . . , T  - 1. \widetilde W \in 

\BbbR d\times d is an unknown and deterministic matrix.

Note that Assumptions 3.1 and 4.3 serve different purposes in this paper. As-
sumption 3.1 provides one sufficient condition to assure \sigma XXX > 0. Assumption 4.3 is
used to guarantee the convergence of the sample-based algorithm (Algorithm 4.1).

In addition to the model parameters specified in section 3, here we assume \scrH (\cdot )
includes polynomials that are also functions of \sigma 0,

1
\sigma 0
, 1
\sigma 0+1 , \sigma w,

1
\sigma w

, 1
\sigma w+1 \| \widetilde W\| , 1

\| \widetilde W\| 
,

1

\| \widetilde W\| +1
, \| \widetilde W0\| , 1

\| \widetilde W0\| 
, and 1

\| \widetilde W0\| +1
.

Theorem 4.4. Assume Assumptions 2.1 and 4.3 hold, and further assume \sigma XXX >
0 and C(KKK0) is finite. At every step the policy is updated as in (4.1), that is,

Kn+1
t = Kn

t  - \eta \widehat \nabla tC(KKKn),

with \eta \in \scrH ( 1
C(KKK0)+1 ), and

\widehat \nabla tC(KKKn) is computed with hyperparameters (r,m) such

that r < 1/hradius and m > hsample with some fixed polynomials hradius \in \scrH (1/\epsilon ,C(KKK0))
and hsample \in \scrH (1/\epsilon ,C(KKK0)). Then for \epsilon > 0, if we have

N \geq \| \Sigma KKK\ast \| 
\eta \sigma XXX

2 \sigma RRR

log
C(KKK0) - C(KKK\ast )

\epsilon 
,

it holds that C(KKKN ) - C(KKK\ast ) \leq \epsilon with high probability (at least 1 - exp( - D)).

Note that hsample is quadratic in 1/\epsilon (when the logarithmic order is omitted) and
cubic in dimension D. The proof of Theorem 4.4 is based on a perturbation analysis
of C(KKK) and \nabla tC(KKK), smoothing, and the gradient descent analysis of the procedures
in Algorithm 4.1. We provide the perturbation analysis and the smoothing analysis
in sections 4.1 and 4.2, respectively. We defer the proof of Theorem 4.4 to section 4.3.

Projected policy gradient method. In many situations constrained optimization
problems arise, and the projected gradient descent method is one popular approach
to solve such problems. Recall that the projection of a point yyy = (y0, . . . , yT - 1) with
yt \in \BbbR k\times d (t = 0, 1, . . . , T  - 1) onto a set \scrS \subset \BbbR k\times (T\times d) is defined as

(4.3) \Pi \scrS (yyy) = argmin
xxx\in \scrS 

1

2

T - 1\sum 
t=0

\| xt  - yt\| 2F .

Then the projected policy gradient (PPG) updating rule can be defined as

(4.4) KKKn+1 = \Pi \scrS 

\Bigl( 
KKKn  - \eta \widehat \nabla C(KKKn)

\Bigr) 
,

where \widehat \nabla C(KKKn) =
\Bigl( 

\widehat \nabla 0C(KKKn), . . . , \widehat \nabla T - 1C(KKKn)
\Bigr) 
denotes the estimate of \nabla C(KKKn).

If the projection set \scrS is convex and closed, the projection onto \scrS is nonexpansive,
that is,

\sum T - 1
t=0

\bigm\| \bigm\| \widetilde z1t  - \widetilde z2t \bigm\| \bigm\| F \leq 
\sum T - 1

t=0

\bigm\| \bigm\| z1t  - z2t
\bigm\| \bigm\| 
F

with \widetilde zzz1 = \Pi \scrS (zzz
1) and \widetilde zzz2 = \Pi \scrS (zzz

2).
Given any policy matrix KKK and learning rate \eta , define the gradient mapping for the
projection operator,

(4.5) G(KKK) :=
\Pi \scrS (KKK  - \eta \nabla C(KKK)) - KKK

2\eta 
,
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with G(KKK) = (G0(KKK), . . . , GT - 1(KKK)). Note that the gradient mapping has been com-
monly adopted in the analysis of projected gradient descent methods in constrained
optimization [36, 47]. A policy matrix \widetilde KKK \in \scrS is called a stationary point of C(\cdot ) if

\nabla C( \widetilde KKK)\top (KKK  - \widetilde KKK) \leq 0 \forall KKK \in \scrS .(4.6)

It is well known in the optimization literature that (4.6) holds if and only if G( \widetilde KKK) = 0.
We have the following sublinear convergence result for the PPG version.

Theorem 4.5. Assume Assumptions 2.1 and 4.3 hold, and the projection set of
policies, denoted by \scrS , is convex and closed. Further assume that KKK\ast \in \scrS , KKK0 \in \scrS ,
\sigma XXX > 0, and C(KKK0) is finite. At every step the policy is updated as in (4.4), that is,

KKKn+1 = \Pi \scrS 

\Bigl( 
KKKn  - \eta \widehat \nabla C(KKKn)

\Bigr) 
with \eta \in \scrH ( 1

C(KKK0)+1 ), and \widehat \nabla tC(KKKn) (t = 0, 1, . . . , T  - 1) is computed with hyper-

parameters (r,m) such that r < 1/\widehat hradius and m > \widehat hsample with some fixed polynomi-

als \widehat hradius \in \scrH (1/\epsilon ,C(KKK0)) and \widehat hsample \in \scrH (1/\epsilon ,C(KKK0)). Then the projected policy
gradient method has a global sublinear convergence rate, that is,\Biggl\{ 

1

N

N - 1\sum 
n=0

\Biggl( 
T - 1\sum 
t=0

\| Gt(KKK
n)\| 2F

\Biggr) \Biggr\} 
N\geq 1

converges to 0 at rate \scrO ( 1
N ), where Gt(KKK) is defined in (4.5).

The proof of Theorem 4.5 can be found in [29].

Remark 4.6. We assume that the projection step is performed accurately, and
that the associated computational cost is of separate interest and hence omitted here.
The convergence result in Theorem 4.5 is described in terms of the sample complexity,
and performing the projection step does not need extra samples.

4.1. Perturbation analysis of \bfitC (\bfitK \bfitK \bfitK ) and \bfnabla \bfitt \bfitC (\bfitK \bfitK \bfitK ). This section shows that
the objective function C(KKK) and its gradient are stable with respect to small pertur-
bations. The proofs of the following lemmas can be found in [29].

Lemma 4.7 (C(KKK) perturbation). Assume Assumptions 2.1 and 4.3 hold, \sigma XXX >
0, and KKK \prime is such that, \forall t = 0, 1, . . . , T  - 1,

(4.7) \| K \prime 
t  - Kt\| \leq min

\Biggl\{ 
(\rho 2  - 1)\sigma QQQ \sigma XXX

2T (\rho 2T  - 1)(2\rho + 1)(C(KKK) + \sigma QQQ T\| W\| )\| B\| 
, \| Kt\| ,

1

T

\Biggr\} 
,

where \rho is defined as in (3.16). Then there exists a polynomial hcost \in \scrH (C(KKK)) such
that

| C(KKK \prime ) - C(KKK)| \leq hcost| | | KKK \prime  - KKK| | | .

Lemma 4.8 (\nabla tC(KKK) perturbation). Under the same assumptions as in Lemma
4.7, there exists a polynomial hgrad \in \scrH (C(KKK)) such that

\| \nabla tC(KKK \prime ) - \nabla tC(KKK)\| \leq hgrad| | | KKK \prime  - KKK| | | ,
\| \nabla tC(KKK \prime ) - \nabla tC(KKK)\| F \leq hgrad| | | KKK \prime  - KKK| | | F .
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4.2. Smoothing and the gradient descent analysis. In this section, Lemma
4.9 provides the formula for the perturbed gradient term, Lemma 4.10 provides the
concentration inequality for finite samples, and Lemma 4.11 provides the guarantees
for the gradient approximation.

Recall that D = k \times d. Let \BbbS r represent the uniform distribution over the points
with norm r in dimension D, and let \BbbB r represent the uniform distribution over all
points with norm at most r in dimension D. For each Kt (t = 0, 1, . . . , T  - 1), the
algorithm performs gradient descent on the following function:

Cr
t (KKK) = \BbbE Vt\sim \BbbB r

[C(KKK + VVV t)] ,(4.8)

where VVV t := (0, . . . , Vt, . . . , 0) and Vt \in \BbbR k\times d.

Lemma 4.9. Assume C(KKK) is finite; then

(4.9) \nabla tC
r
t (KKK) =

D

r2
\BbbE Ut\sim \BbbS r [C(KKK +UUU t)Ut].

The proof of Lemma 4.9 is similar to the proof of [22, Lemma 29] and hence is
omitted.

We first state two facts on sub-Gaussian and subexponential random variables.
First, if X and Y are zero-mean independent random variables such that X \in SG(\sigma 2

x)
and Y \in SG(\sigma 2

y), then XY \in SE(\sigma x\sigma y, 4\sigma x\sigma y). Second, if X1, . . . , Xn are zero-mean
independent random variables such that Xi \in SE(\nu 2i , \alpha i), then

n\sum 
i=1

Xi \in SE

\Biggl( 
n\sum 

i=1

\nu 2i ,max
i

\alpha i

\Biggr) 
.

Using the above two facts, we have the following.

Lemma 4.10. Assume Assumptions 2.1 and 4.3 hold and \sigma XXX > 0; then there exist
polynomials \nu \in \scrH (C(KKK)) and \alpha \in \scrH (C(KKK)) such that\Biggl[ 

T - 1\sum 
t=0

\Bigl( 
x\top 
t Qtxt + u\top 

t Rtut

\Bigr) 
+ x\top 

TQTxT

\Biggr] 
is subexponential with parameter

\bigl( 
\nu 2, \alpha 

\bigr) 
. Here \{ xt\} Tt=0 is the dynamics under policy

KKK.

Proof. We first observe that, by direct calculation,

(4.10)

\Biggl[ 
T - 1\sum 
t=0

\Bigl( 
x\top 
t Qtxt + u\top 

t Rtut

\Bigr) 
+ x\top 

TQTxT

\Biggr] 
= x\top 

0 P0x0 +

T - 1\sum 
t=0

w\top 
t Pt+1wt.

Note that by (3.9) and Proposition 3.4, Pt is symmetric and positive definite.
The Frobenius norm \| \cdot \| F and the spectral norm \| \cdot \| of the matrix Pt \in \BbbR d\times d have
the following property:

\| Pt\| \leq \| Pt\| F \leq 
\surd 
d\| Pt\| \forall t = 0, 1, . . . , T.(4.11)

Let \widehat \sigma = max\{ \sigma 0, \sigma w\} . Given the Hanson--Wright inequality (Theorem 2.5 in [4]),

\BbbP 
\bigl( \bigm| \bigm| w\top 

t Pt+1wt  - \BbbE 
\bigl[ 
w\top 

t Pt+1wt

\bigr] \bigm| \bigm| \geq t
\bigr) 

(4.12)

= \BbbP 
\Bigl( \bigm| \bigm| \bigm| v\top t (\widetilde W\top Pt+1

\widetilde W )vt  - \BbbE 
\Bigl[ 
v\top t (\widetilde W\top Pt+1

\widetilde W )vt

\Bigr] \bigm| \bigm| \bigm| \geq t
\Bigr) 

\leq 2 exp

\Biggl( 
 - cmin

\Biggl\{ 
t2

2\widehat \sigma 4\| \widetilde W\top Pt+1
\widetilde W\| 2F

,
t\widehat \sigma 2\| \widetilde W\top Pt+1

\widetilde W\| 

\Biggr\} \Biggr) D
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for some universal constant c > 0 which is independent of Pt+1 and wt.
Combining (4.11), (4.12), and Lemma 3.8,

\BbbP 
\bigl( \bigm| \bigm| w\top 

t Pt+1wt  - \BbbE 
\bigl[ 
w\top 

t Pt+1wt

\bigr] \bigm| \bigm| \geq t
\bigr) 

\leq 2 exp

\Biggl( 
 - cmin

\Biggl\{ 
t2

2\widehat \sigma 4 d \| Pt+1\| 2\| \widetilde W\| 4
,

t\widehat \sigma 2\| Pt+1\| \| \widetilde W\| 2

\Biggr\} \Biggr) 

\leq 2 exp

\Biggl( 
 - cmin

\Biggl\{ 
t2

2\widehat \sigma 4\| \widetilde W\| 4 dC2(KKK)/ \sigma XXX
2
,

t\widehat \sigma 2\| \widetilde W\| 2C(KKK)/ \sigma XXX

\Biggr\} \Biggr) 
.

Therefore the random variable w\top 
t Pt+1wt is subexponential with parameters\Biggl( \widehat \sigma 4\| \widetilde W\| 4dC2(KKK)

c \sigma XXX
2

,
\widehat \sigma 2\| \widetilde W\| 2C(KKK)

2c \sigma XXX

\Biggr) 
.

In the same way x\top 
0 P0x0 is subexponential with parameters\Biggl( \widehat \sigma 4\| \widetilde W0\| 4dC2(KKK)

c \sigma XXX
2

,
\widehat \sigma 2\| \widetilde W0\| 2C(KKK)

2c \sigma XXX

\Biggr) 
.

Let \sigma = max\{ \| \widetilde W0\| , \| \widetilde W\| \} . Since \{ wt\} T - 1
t=0 are i.i.d. and independent of x0, we have

that (4.10) is subexponential with parameters\biggl( 
(T + 1)

\widehat \sigma 4\sigma 4dC2(KKK)

c \sigma XXX
2

,
\widehat \sigma 2\sigma 2C(KKK)

2c \sigma XXX

\biggr) 
.

Define \widetilde \nabla t :=
1

m

m\sum 
i=1

\biggl( 
D

r2
C(KKK +UUU i

t)U
i
t

\biggr) 
as the average of perturbed cost functions across m scenarios, which is an empirical
approximation of (4.9). Similarly, define

(4.13) \widehat \nabla t :=
1

m

m\sum 
i=1

\Biggl( 
D

r2

\Biggl[ 
T - 1\sum 
t=0

\Bigl( 
(xi

t)
\top Qtx

i
t + (ui

t)
\top Rtu

i
t

\Bigr) 
+ (xi

T )
\top QTx

i
T

\Biggr] 
U i
t

\Biggr) 

as the average of perturbed and single-trajectory--based cost functions across m sce-
narios, which is the same as (4.2) in Algorithm 4.1. Note that in order to calculate \widetilde \nabla t,
we require access to C(KKK +UUU i

t), which involves the calculation of expectations with
respect to unknown initial states and state noises. This may be restrictive in some set-
tings. On the other hand, the calculation of \widehat \nabla t only involves single-trajectory--based
cost functions.

Lemma 4.11. Assume Assumptions 2.1 and 4.3 hold, and \sigma XXX > 0. Given any \epsilon ,
there are fixed polynomials hradius \in \scrH (1/\epsilon ,C(KKK)) and hsample \in \scrH (1/\epsilon ,C(KKK)) such
that when r \leq 1/hradius, with m \geq hsample samples of U1

t , . . . , U
m
t \sim \BbbS r for each

t = 0, . . . , T  - 1, \bigm\| \bigm\| \bigm\| \widetilde \nabla t  - \nabla tC(KKK)
\bigm\| \bigm\| \bigm\| 
F
\leq \epsilon 
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holds with high probability (at least 1  - 
\bigl( 
D
\epsilon 

\bigr)  - D
). In addition, there is a polynomial

hsample,2 \in \scrH (1/\epsilon ,C(KKK)) such that when r \leq 1/hradius, with m \geq hsample + hsample,2

samples of U1
t , . . . , U

m
t \sim \BbbS r for each t = 0, . . . , T  - 1,\bigm\| \bigm\| \bigm\| \widehat \nabla t  - \nabla tC(KKK)

\bigm\| \bigm\| \bigm\| 
F
\leq 3

2
\epsilon 

holds with high probability (at least 1  - 2
\bigl( 
D
\epsilon 

\bigr)  - D
). Here, for each i = 1, 2, . . . ,m,

\{ xi
t\} Tt=0 and \{ ui

t\} T - 1
t=0 are the dynamics and controls for a single path sampled using

policy KKK +UUU i
t.

Proof. Note that

\widetilde \nabla t  - \nabla tC(KKK) = (\nabla tC
r
t (KKK) - \nabla tC(KKK)) + (\widetilde \nabla t  - \nabla tC

r
t (KKK)),

where Cr
t is defined in (4.8).

For the first term, choose hradius = max\{ 1/r0, 4hgrad/\epsilon \} (r0 is chosen later),
where hgrad \in \scrH (C(KKK)) is defined as in Lemma 4.8. By Lemma 4.8 when r \leq 
1/hradius \leq \epsilon /4hgrad, for VVV t := (0, . . . , Vt, . . . , 0) where Vt \sim \BbbB r, we have

(4.14) \| \nabla tC(KKK + VVV t) - \nabla tC(KKK)\| F \leq hgrad\| VVV t\| F \leq hgrad
\epsilon 

4hgrad
=

\epsilon 

4
.

Since \nabla tC
r
t (KKK) = \BbbE Vt\sim \BbbB r

[\nabla tC(KKK + VVV t)], we have

\| \nabla tC(KKK + VVV t) - \nabla tC
r
t (KKK)\| F \leq \epsilon 

4
,

by (4.14) and the continuity of \nabla tC. Therefore

\| \nabla tC
r
t (KKK) - \nabla tC(KKK)\| F \leq \| \nabla tC(KKK + VVV t) - \nabla tC(KKK)\| F(4.15)

+ \| \nabla tC(KKK + VVV t) - \nabla tC
r
t (KKK)\| F \leq \epsilon 

2

holds by triangle inequality. We choose r0 such that for any UUU t \sim \BbbS r, we have
that C(KKK + UUU t) \leq 2C(KKK). By Lemma 4.7, we can pick 1/r0 = hcost/C(KKK); then
| C(KKK +UUU t) - C(KKK)| \leq r0 \cdot hcost \leq C(KKK).

For the second term, by Lemma 4.9, \BbbE [\widetilde \nabla t] = \nabla tC
r
t (KKK), and each individual sam-

ple is bounded by 2DC(KKK)/r, so by the operator-Bernstein inequality [27, Theorem
12] with

m \geq hsample = \Theta 

\Biggl( 
D

\biggl( 
D \cdot C(KKK)

r\epsilon 

\biggr) 2

log(D/\epsilon )

\Biggr) 
,

we have

(4.16) \BbbP 
\Bigl[ \bigm\| \bigm\| \bigm\| \widetilde \nabla t  - \nabla tC

r
t (KKK)

\bigm\| \bigm\| \bigm\| 
F
\leq \epsilon 

2

\Bigr] 
\geq 1 - 

\biggl( 
D

\epsilon 

\biggr)  - D

.

Note that hsample \in \scrH (1/\epsilon ,C(KKK)) since 1/r > hradius \in \scrH (1/\epsilon , C(KKK)). Adding these
two terms together and applying the triangle inequality gives the result.

For the second part, note that

\BbbE x0,www[
\widehat \nabla t] = \widetilde \nabla t.(4.17)
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By Lemma 4.10, \Biggl[ 
T - 1\sum 
t=0

\Bigl( 
(xi

t)
\top Qtx

i
t + (ui

t)
\top Rtu

i
t

\Bigr) 
+ (xi

T )
\top QTx

i
T

\Biggr] 

is subexponential with parameters (\nu 2, \alpha ). Therefore,

Zi :=

\Biggl( 
D

r2

\Biggl[ 
T - 1\sum 
t=0

\Bigl( 
(xi

t)
\top Qtx

i
t + (ui

t)
\top Rtu

i
t

\Bigr) 
+ (xi

T )
\top QTx

i
T

\Biggr] 
U i
t

\Biggr) 

is a subexponential matrix with parameters (\widetilde \nu 2, \widetilde \alpha ) :=
\bigl( 
D
r2 \nu 

2, \alpha 
\bigr) 
. Then by the

operator-Bernstein inequality [27, Theorem 12],

\BbbP 

\Biggl[ \bigm\| \bigm\| \bigm\| \bigm\| \bigm\| 1

m

m\sum 
i=1

Zi  - \BbbE [Z1]

\bigm\| \bigm\| \bigm\| \bigm\| \bigm\| 
F

\leq t

\Biggr] 
\geq 1 - 2D exp

\biggl( 
 - m

t2

2\widetilde \nu 2
\biggr) 
,

when t \leq \widetilde \nu 2\widetilde \alpha . That is, there exists a polynomial hsample,2 \in \scrH (1/\epsilon ,C(KKK)) where

hsample,2 := hsample,2

\biggl( 
D,

1

\epsilon 
,
1

r
, \sigma 0, \sigma w, \| \widetilde W0\| , \| \widetilde W\| , C(KKK),

1

\sigma XXX

\biggr) 
= \Theta 

\Biggl( 
D

\biggl( \widetilde \nu 
\epsilon 

\biggr) 2

log(D/\epsilon )

\Biggr) 
,

such that when m \geq hsample,2,

(4.18) \BbbP 
\Bigl[ \bigm\| \bigm\| \bigm\| \widehat \nabla t  - \widetilde \nabla t

\bigm\| \bigm\| \bigm\| 
F
\leq \epsilon 

2

\Bigr] 
\geq 1 - 

\biggl( 
D

\epsilon 

\biggr)  - D

.

Combining (4.18) with (4.15) and (4.16), we arrive at the desired result.

4.3. Proof of Theorem 4.4. With the results in sections 4.1 and 4.2, now we
are ready to prove the main theorem.

Proof of Theorem 4.4. By Lemma 3.15 and by choosing \eta \in \scrH ( 1
C(KKK0)+1 ) such

that the step size condition (3.23) is satisfied,

C(KKK \prime ) - C(KKK\ast ) \leq 
\biggl( 
1 - 2\eta \sigma RRR

\sigma XXX
2

\| \Sigma KKK\ast \| 

\biggr) \Bigl( 
C(KKK) - C(KKK\ast )

\Bigr) 
.

Recall the definition of \widehat \nabla t in (4.13), and let K \prime \prime 
t = Kt  - \eta \widehat \nabla t be the iterate that uses

the approximate gradient. We will show later that given enough samples, the gradient
can be estimated with enough accuracy to ensure that

(4.19) | C(KKK \prime \prime ) - C(KKK \prime )| \leq \eta \sigma RRR

\sigma XXX
2

\| \Sigma KKK\ast \| 
\epsilon .

This means that as long as C(KKK) - C(KKK\ast ) \geq \epsilon , we have

C(KKK \prime \prime ) - C(KKK\ast ) \leq 
\biggl( 
1 - \eta \sigma RRR

\sigma XXX
2

\| \Sigma KKK\ast \| 

\biggr) \Bigl( 
C(KKK) - C(KKK\ast )

\Bigr) 
.
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Then the same proof as that of Theorem 3.3 gives the convergence guarantee.
Now let us prove (4.19). First note that C(KKK \prime \prime ) - C(KKK \prime ) is bounded. By Lemma

4.7, if \| K \prime \prime 
t  - K \prime 

t\| \leq \eta \sigma RRR
\sigma XXX

2

\| \Sigma KKK\ast \| \cdot \epsilon /(T \cdot hcost), where hcost \in \scrH (C(KKK)) is the polynomial

in Lemma 4.7, then (4.19) holds. To get this bound, recall that K \prime 
t = Kt  - \eta \nabla tC(KKK)

in (3.22), and writing \nabla t = \nabla tC(KKK) for ease of exposition, observe that K \prime \prime 
t  - K \prime 

t =

\eta (\nabla t  - \widehat \nabla t); therefore it suffices to ensure that

\| \nabla t  - \widehat \nabla t\| \leq \sigma XXX
2 \sigma RRR

T\| \Sigma KKK\ast \| hcost
\epsilon .

By Lemma 4.11, it is enough to pick

hradius = hradius(3T\| \Sigma KKK\ast \| hcost(C(KKK))/(2\sigma XXX
2 \sigma RRR \epsilon ), C(KKK)) \in \scrH (1/\epsilon ,C(KKK))

and

hsample = hsample

\biggl( 
3hcost(C(KKK))\| \Sigma KKK\ast \| 

2\sigma XXX
2 \sigma RRR \epsilon 

, C(KKK)

\biggr) 
+ hsample,2

\biggl( 
3hcost(C(KKK))\| \Sigma KKK\ast \| 

2\sigma XXX
2 \sigma RRR \epsilon 

, C(KKK)

\biggr) 
.

This gives the desired upper bound on \| \nabla t  - \widehat \nabla t\| with high probability (at least
1 - 2(\epsilon /D)D).

Since the number of steps is a polynomial, we have TN = o(\epsilon D). By the union
bound with probability at least\biggl( 

1 - 2
\Bigl( \epsilon 

D

\Bigr) D\biggr) TN

\geq 1 - 2TN
\Bigl( \epsilon 

D

\Bigr) D
\geq 1 - exp( - D),

we have \| \nabla t  - \widehat \nabla t\| \leq \sigma XXX
2 \sigma RRR

T\| \Sigma KKK\ast \| hcost
\epsilon \forall t = 0, 1, . . . , T  - 1. Therefore,

(4.20) C(KKK \prime \prime ) - C(KKK\ast ) \leq 
\biggl( 
1 - \eta \sigma RRR

\sigma XXX
2

\| \Sigma KKK\ast \| 

\biggr) \Bigl( 
C(KKK) - C(KKK\ast )

\Bigr) 
.

This implies C(KKK \prime \prime ) < C(KKK). To guarantee that (4.20) holds at each iteration n =
1, 2, . . . , N , it suffices to pick hradius \in \scrH (1/\epsilon ,C(KKK0)) and hsample \in \scrH (1/\epsilon ,C(KKK0)).
The rest of the proof is the same as that of Theorem 3.3. Note again that in the
smoothing, because the function value is monotonically decreasing, and by the choice
of radius, all the function values encountered are bounded by 2C(KKK0), so the polyno-
mials are indeed bounded throughout the algorithm.

4.4. Discussion.

Remark 4.12 (comparison with [22]). The proofs of our main results, Theorems
3.3 and 4.4, are different from those in [22]. First, to prove the gradient dominant
condition, [22] only required conditions on the distribution of the initial position.
However, we need conditions to guarantee the nondegeneracy of the state covariance
matrix at any time. Second, the extra randomness from the sub-Gaussian noise needs
to be taken care of in the perturbation analysis of \Sigma KKK . Finally, we need more advanced
concentration inequalities to provide the number of samples and the number of sim-
ulation trajectories that lead to the theoretical guarantee in the case with unknown
parameters.
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Remark 4.13 (nonstationary dynamics). Note that our framework can be gen-
eralized to nonstationary dynamics; that is, for t = 0, 1, . . . , T  - 1,

(4.21) xt+1 = Atxt +Btut + wt, x0 \sim \scrD ,

with \{ At\} T - 1
t=0 and \{ Bt\} T - 1

t=0 time-dependent state parameters.

Remark 4.14 (other policy gradient methods). Our convergence and sample com-
plexity analysis could be applied to other policy gradient methods, including the nat-
ural policy gradient method and the Gauss--Newton method, within the framework
of the LQR with stochastic dynamics and finite horizons.

5. Numerical experiments. The performance of the PPG algorithm (4.4) is
demonstrated for the optimal liquidation problem with a single asset, and the empir-
ical analysis of the policy gradient method (4.1) in higher dimensions is also provided
with synthetic data. We will specifically focus on the following questions.

\bullet In practice, how fast do the policy gradient algorithm and the PPG algorithm
with known and unknown parameters converge to the true solution?

\bullet How does the deadline (the finite horizon) influence the optimal policy?
\bullet When the real-word system does not exactly follow the LQR framework, does
the policy gradient method outperform misspecified LQR models?

This section is organized as follows. We demonstrate the performance of the PPG
algorithms for the optimal liquidation problem with a single asset in the LQR frame-
work in section 5.1. We then show that without the LQR model specification, the
learned policy from the policy gradient algorithm improves the Almgren--Chriss solu-
tion in section 5.2. Finally, we test the performance of the algorithm with unknown
parameters in high dimensions in section 5.3.

Note that the policy gradient method outperforms the Q-learning algorithm, a
popular model-free method, in terms of both sample complexity and accuracy in our
setting. An illustration in a one-dimensional example can be found in [29].

5.1. Optimal liquidation within the LQR framework. Recall the set-up of
the optimal liquidation problem in (2.1). By convention, we write the control in the
feedback form as ut =  - Ktxt. Writing Kt = (k1t , k

2
t ), we have ut =  - k1tSt  - k2t qt,

and the state equation becomes

xt+1 =

\biggl( 
1 + \gamma k1t \gamma k2t

k1t 1 + k2t

\biggr) 
xt + wt.

In the liquidation problem, we assume ut \geq 0 (0 \leq t \leq T  - 1). That is, k1t \leq 0 and
k2t \leq 0 (0 \leq t \leq T  - 1).

Assumption 5.1 (assumptions for the optimal liquidation problems). We assume
(1) \gamma k1t + k2t >  - 1 (0 \leq t \leq T  - 1);
(2) \beta > \gamma 

2 .

Justification of the assumption. Assumption 5.1(1) is essential to ensure that the
liquidation problem is well-defined. First, \gamma k1t >  - 1 makes sure that the stock price
process \{ St\} Tt=0 is well-behaved:

\BbbE [St+1] = \BbbE [St] - \gamma \BbbE [ut] = (1 + \gamma k1t )\BbbE [St] + \gamma k2t qt.

If \gamma k1t <  - 1, then \BbbE [St+1] \leq 0 since k2t \leq 0. Second, k2t \geq  - 1 guarantees that
inventory will not be negative. Note that

qt+1 = qt  - ( - k1tSt  - k2t qt) = (1 + k2t )qt + k1tSt.
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If k2t \leq  - 1 and qt > 0, then qt+1 < 0. Assumption 5.1(2) implies that the temporary
market impact is ``bigger"" than one-half of the permanent market impact, which is
consistent with the empirical evidence [8] and assumptions in [7].

Learning to liquidate. In practice, traders may not know the market impact pa-
rameter \gamma . But one can always take some \=\gamma > \gamma based on some basic understandings
of the market and perform a PPG algorithm to the closed convex set \scrS :

\scrS :=
\Bigl\{ 
KKK = (K0, . . . ,KT - 1) : Kt = (k1t , k

2
t ), \=\gamma k1t + k2t \geq  - 1 + \zeta , k1t \leq 0, k2t \leq 0

(5.1)

\forall t = 0, . . . , T  - 1
\Bigr\} 
,

with some small parameter \zeta > 0.
In practice \gamma is usually on the order of 10 - 5 \sim 10 - 6 (see details in [29]), and

hence a universal upper bound \=\gamma in (5.1) is not a strong assumption for liquidating a
given portfolio of stocks.

Proposition 5.2. Assume KKK \in \scrS and Assumptions 2.1, 4.3, and 5.1 hold; we
have that \sigma XXX > 0 and that \{ PKKK

t \} Tt=0 derived from (3.9) are positive definite for the
optimal liquidation problem (2.7) and (2.9).

The proof of Proposition 5.2 is deferred to [29]. It is easy to check that the
projection set \scrS defined in (5.1) is convex and closed. Along with Proposition 5.2, the
convergence result in Theorem 4.5 holds for the liquidation problem (2.7) and (2.9)
as long as the conditions in Proposition 5.2 are satisfied.

We test the performance of the PPG algorithm with projection set \scrS on Apple
(AAPL) and Facebook (FB) stocks. The market simulator of the associated LQR
framework is constructed with NASDAQ ITCH data, and the details can be found in
[29].

Performance measure. We use the following normalized error to quantify the
performance of a given policy KKK:

Normalized error =
C(KKK) - C(KKK\ast )

C(KKK\ast )
,

where KKK\ast is the optimal policy defined in (2.5).
Set-up. (1) Parameters: \phi = 5 \times 10 - 6 (for both AAPL and FB), \epsilon = 10 - 8,

T = 10; smoothing parameter r = 0.6, number of trajectories m = 200; initial policy
KKK0 \in \BbbR 1\times 2T with \{ KKK0\} ij =  - 0.2 for all i, j, for both algorithms with known and
unknown parameters; step sizes as indicated in the figures; \=\gamma = 5\times 10 - 5, \zeta = 10 - 12 for
the projection set. (2) Initialization: assume the initial inventory q0 follows \scrN (500, 1).
The small variance of the initial inventory distribution is used to guarantee the initial
state covariance matrix is positive definite. In practice, the algorithm converges with
deterministic initial inventories.

Convergence. PPG algorithms with both known parameters and unknown param-
eters show a reasonable level of accuracy within 50 iterations (that is, the normalized
error is less than 10 - 2). The PPG algorithm with known parameters has almost no
fluctuations across the 50 scenarios. By choosing m = 200, the performance of the
PPG algorithm with unknown parameters is stable with relatively small fluctuations
(see the shaded area in Figure 1b) across the 50 scenarios.

Impact of the deadline. The optimal policy is sensitive to the deadline in that the
shapes of the optimal inventory trajectories are different with different deadlines. See
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(a) PPG with known parameters (\eta = 0.1). (b) PPG with unknown parameters (\eta =
0.05).

Fig. 1. Performance of the PPG algorithms ( 50 simulation scenarios).

Figure 2 for both AAPL and FB with T = 30, 60, and 120 minutes. The liquidation
speed is almost linear when T is small, and it is faster in the initial trading phase and
slower at the end when T is relatively large.

Impact of the parameter \phi . Recall that in (2.9) the parameter \phi is used to balance
the expected terminal wealth \BbbE [C] and the variance of the terminal wealth var[C].
To show the impact of \phi , we set \phi to be 10 - 4, 10 - 5, 10 - 6, and 10 - 7 and show the
corresponding inventory trajectories in Figure 3. The optimal liquidation speed is
almost linear when \phi is small, while it is faster in the initial trading phase and slower
at the end when \phi is relatively large.

(a) AAPL. (b) FB.

Fig. 2. Optimal inventory trajectory under different deadlines ( 200 simulation scenarios).

Impact of the parameter \epsilon . Recall that our liquidation formulation (2.9) dif-
fers from the Almgren--Chriss formulation (2.8) by an additional regularization term\sum T

t=0 \epsilon S
2
t . The role of this term is to enable the problem to be cast in the LQR frame-

work and to guarantee the well-definedness of the Ricatti equation. From Figure 4a,
the optimal policies and inventory trajectories are close to those of the Almgren--
Chriss solution when \epsilon \leq 0.01. However, when \epsilon = 0.05, the optimal policy is far
away from the Almgren--Chriss solution. We show the difference between CAC, de-
fined in (2.8), and CLQR(\epsilon ), defined in (2.9), in Figure 4b. We see that CLQR(\epsilon ) is
close to CAC when \epsilon < 0.02 and is markedly different from CAC when \epsilon \geq 0.02. It is
worth noticing that when \epsilon = 0, the algorithm does converge to the Almgren--Chriss
solution in our setting although the convergence of the algorithm in this case is not
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Fig. 3. Inventory tra-
jectories of AAPL under dif-
ferent \phi (average across 200
simulation scenarios).

(a) Inventory trajectories. (b) Relative cost difference.

Fig. 4. Original Almgren--Chriss framework versus LQR for-
mulation under different \epsilon (AAPL).

guaranteed by our theoretical results.

5.2. Learning to liquidate without model specification. In practice, the
dynamics of the trading system may not be exactly those assumed in the LQR frame-
work but we might expect that the policy gradient method could still perform well
when the system is ``nearly"" linear quadratic as the execution of the policy gradient
method does not rely on the model specification. In this section, we consider liqui-
dation problems in the Limit Order Book (LOB) setting. An LOB is a list of orders
that a trading venue, for example, the NASDAQ exchange, uses to record the interest
of buyers and sellers in a particular financial instrument. There are two types of
orders the buyers (sellers) can submit: a limit buy (sell) order with a preferred price
for a given volume, or a market buy (sell) order with a given volume which will be
immediately executed with the best available limit sell (buy) orders. Here we perform
the policy gradient method to learn the optimal strategies to liquidate using market
orders in the LOB.

We denote by St the mid-price of the asset at time t, that is, the average of
the best-bid price and best-ask price. At each time t, the decision is to liquidate an
amount ut of the asset. The action ut will have an impact on the market, with possibly
both temporary and permanent impacts. Unlike the LQR framework or the classical
Almgren--Chriss model, where dynamics are assumed to follow some stochastic model,
here we run the policy gradient method directly on the LOB without any assumption
on how the mid-price St moves and what the forms of the market impacts are. Denote
by qt = qt - 1  - ut - 1 the inventory at time t. We restrict the admissible controls to be
of the linear feedback form ut =  - Kt(St, qt)

\top with some Kt \in \BbbR 1\times 2.
The cost ct = \phi \prime (qt  - ut)

2  - rt(ut) at time t consists of two parts. The first part
\phi \prime (qt  - ut)

2 is the holding cost of the inventory weighted by a parameter \phi \prime . The
quantity rt(ut) is the amount we receive by liquidating ut shares at time t. Note that
rt(\cdot ) may depend on St and other market observables. For example, if we liquidate
ut = 1000 shares of the asset with the market conditions given in Table 1, then the
amount received would be

rt(ut) = 397\times 200.1 + 412\times 200.0 + (1000 - 397 - 412)\times 199.9 = 200020.6.

This transaction moves the best bid price two levels down. This is commonly referred
to as the temporary impact of a market order.

Performance metric: implementation shortfall [41].

IS(uuu) =

\Biggl( 
T - 1\sum 
t=0

ct(ut) + cT

\Biggl( 
q0  - 

T - 1\sum 
t=0

ut

\Biggr) \Biggr) 
 - c0(q0).(5.2)
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Table 1
One snapshot of the LOB.

Bid level One Two Three Four Five

Bid price (USD) 200.1 200.0 199.9 199.8 199.7

Volume available 397 412 502 442 529

The first term of (5.2) is the cost of implementing policy uuu over the horizon [0, T ].
The second term is the cost when liquidating q0 market orders at time 0. If we
expect uuu is better than liquidating everything at time 0, then IS(uuu) < 0. A smaller
implementation shortfall implies that the strategy is more profitable.

We use the following relative performance (evaluated on a single trajectory) to
compare the performance of two policies uuu1 and uuu2:

Relative performance =
IS(uuu2) - IS(uuu1)

| IS(uuu2)| 
.

Experiment set-up. We consider the LOB data consisting of the best five levels,
and we assume that the trading frequency \Delta = 1 minute and the trading horizon
T = 10 minutes. We perform a numerical analysis for five different stocks, Apple
(AAPL), Facebook (FB), International Business Machines Corporation (IBM), Amer-
ican Airlines (AAL), and JP Morgan (JPM), during the period from 01/01/2019
to 12/31/2019. The data is divided into two sets, a training set with data be-
tween 10:00AM-12:00AM 01/01/2019-08/31/2019 and a test set with data between
10:00AM-12:00AM 09/01/2019-12/31/2019.

We take \phi \prime = 5 \times 10 - 6; T = 10; smoothing parameter r = 0.4; number of
trajectories m = 200; initial policy KKK0 \in \BbbR 1\times 20 with (KKK0)ij =  - 0.2 for all i, j; and
step size \eta = 10 - 6. We assume the initial inventory follows q0 = 2000. We compare
the performance of the policy gradient method with the Almgren--Chriss solution
with fitted parameters given in Table 3 in [29]. In the Almgren--Chriss model, we set
\phi = \sigma 2\phi \prime to ensure a reasonable comparison.

Results. From Table 2 and Figure 5, the policy gradient method improves on
the Almgren--Chriss solution by around 20\% on five different stocks from different
financial sectors. Note that the goal of the policy gradient method is to learn the
global minimizer of the expected cost function; hence it is expected that the Almgren--
Chriss solution could perform better than the policy gradient method for some sample
trajectories, as shown in Figure 5. This result is compatible with the performance
of the Q-learning algorithms [30]. The drawback of Q-learning algorithms is that
the computational complexity is highly dependent on the size of the set of (discrete)
states and actions, whereas the policy gradient method can handle continuous states
and actions.

We conjecture that the policy gradient method may be capable of learning the
global ``optimal"" solution for a larger class of models that are ``similar"" to the LQR
framework with stochastic dynamics and finite time horizon. In addition, as the policy
gradient method is a model-free algorithm, it is more robust with respect to model
misspecification as compared to the Almgren--Chriss framework.

5.3. Learning LQR in higher dimensions. In practice we can perform the
policy gradient method for the optimal liquidation problem with multiple assets. How-
ever, it is difficult to capture the cross impact and permanent impact with historical
LOB data. Therefore we test the performance of the policy gradient method in higher
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Table 2
Average relative performance of the policy gradient (uuu1) compared to the Almgren--Chriss solu-

tion (uuu2).

Asset IBM AAL JPM FB AAPL

In sample 0.173 0.152 0.251 0.181 0.165
(std) (0.09) (0.27) (0.31) (0.32) (0.31)

Out of sample 0.178 0.146 0.245 0.175 0.163
(std) (0.08) (0.29) (0.36) (0.24) (0.37)

(a) IBM. (b) AAL. (c) JPM.

(d) FB. (e) AAPL.

Fig. 5. Empirical distribution of the relative performance on the test set.

dimensions on synthetic data consisting of a four-dimensional state variable and a
two-dimensional control variable. The parameters are randomly picked such that the
conditions for our LQR framework are satisfied.

Set-up. (1) Parameters:

A =

\left(    
0.5 0.05 0.1 0.2
0 0.2 0.3 0.1

0.06 0.1 0.2 0.4
0.05 0.2 0.15 0.1

\right)    , B =

\left(    
 - 0.05  - 0.01
 - 0.005  - 0.01
 - 1  - 0.01

 - 0.01  - 0.9

\right)    ,

Qt =

\left(    
1 0.2  - 0.005 0.015
0.2 1.1 0.15 0

 - 0.05 0.15 0.9  - 0.08
0.015 0  - 0.08 0.88

\right)    , Rt =

\biggl( 
0.4  - 0.25

 - 0.25 0.7

\biggr) 
,

W =

\left(    
0.1 0 0 0
0 0.5 0 0
0 0 0.2 0
0 0 0 0.3

\right)    ,
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QT = Qt, T = 10; smoothing parameter r = 1, number of trajectories m = 200; initial
policy KKK0 \in \BbbR 2\times 40 with \{ KKK0\} ij = 0.05 for all i, j, for both known and unknown
parameters.

(2) Initialization: We assume that x0 = (x1
0, x

2
0, x

3
0, x

4
0)

\top and xi
0 are independent.

x1
0, x

2
0, x

3
0, and x4

0 are sampled from \scrN (5, 0.1), \scrN (2, 0.3), \scrN (8, 1), \scrN (5, 0.5).
Convergence. For the high-dimensional case, the normalized error falls below the

threshold 10 - 2 within 80 iterations for the policy gradient algorithm with known
parameters. It takes substantially more iterations for the policy gradient algorithm
with unknown parameters to have an error near such a threshold, which is as expected.
See Figure 6.

(a) Known parameters
(\eta = 0.0005).

(b) Unknown parameters
(\eta = 0.0001).

Fig. 6. Performance of the policy gradient algorithms ( 50
simulation scenarios).

Fig. 7. Performance of
the policy gradient algorithm
with unknown parameters un-
der different step size \eta ( 50
simulation scenarios). (Color
available online.)

Outcomes from varying the parameter \eta . The performance of the policy gradient
algorithm also depends on the values of the step size \eta . We show how the values of the
step size \eta \in [10 - 5, 2\times 10 - 3] affect the convergence of the policy gradient algorithm
with unknown parameters in Figure 7. A tiny step size leads to slow convergence (see
the blue line when \eta = 10 - 5), and a larger step size may cause divergence (see the
purple line when \eta = 2\times 10 - 3).
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