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Abstract

Predictive analytics, empowered by machine learning, is usually followed by decision-making
problems in prescriptive analytics. We extend the above sequential prediction-optimization
paradigm to a coupled scheme such that the prediction model can guide the decision problem to
produce coordinated decisions yielding higher levels of performance. Specifically, for stochastic
programming (SP) models with latently decision-dependent uncertainty, we develop a coupled
learning enabled optimization (CLEO) algorithm in which the learning step of predicting the
latent dependency and the optimization step of computing a candidate decision are conducted
interactively. The CLEO algorithm automatically balances the exploration and exploitation
via the trust region method with active sampling. Under certain assumptions, we show that
the sequence of solutions provided by CLEO converges to a directional stationary point of the
original SP problem with probability 1. In addition, we present preliminary experimental results
which demonstrate the computational potential of this data-driven approach.

1 Introduction

Beginning with George Dantzig’s well-known formulation in the mid 1950’s, stochastic programming
(SP) has provided a class of optimization models in which uncertainties are modeled by probability
distributions. Since then, due to the enormous amount of decision-making problems in the presence
of uncertainty in practice, the SP field has flourished with theoretical and algorithmic advances
[5, B8, 41]. Without knowing the exact probability distribution of the uncertainty, SP methods
utilize discretization with scenarios of the uncertainty. Current studies of SP methods pay little
attention to the generation process underlying scenarios. Instead SP methods simply assume that
scenarios are generated a priori. This is reasonable when the uncertainty is decision-independent
and scenarios can be generated from a historical data set or simulated from prediction models.
For two-stage and multi-stage stochastic optimization problems with the decision independent un-
certianty, there is an abundant literature [22, 25] on scenario reduction and scenario generation
to ensure that the scenario tree is not too large, and yet representative of the uncertainty being
modeled. Several works by Grossman and the coauthors such as [20] consider a scenario tree based
method for a type of endogenous uncertainty such that the optimization decision variables influ-
ence the time of information discovery for discrete uncertainty. In the present paper, another type
of endogenous uncertainty is considered, meaning that the probability distribution of the random
variable is dependent on the decision variable.
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Specifically, we focus on a task of solving an SP equipped with an uncharacterized uncertainty
which has a dependency on the continuous decision variable:

minimize f(z) £ c(z) + Eg,[h(z, ) + g(z,@)]
subject to z € X CRP

(1)
where @ € R™ is a continuous random vector defined on a probability space (2, F,P(x)), with
Q) being the sample space, F being the o-algebra generated by subsets of 2 and P(z) being a
probability measure parameterized by z defined on F. This type of uncertainty is also called
endogenous uncertainty. At the outset, one needs to be sure that the conditional expectation in
is well defined. For a general treatment of this issue, the reader may consult [41, Section 2.3],
in particular Theorem 7.37.

We are interested in the setting when the random variable is a regression model of the decision
variable, i.e., w = m(x,€) = ¥(z) + € where: (-) : Z C RP — R™, Z is an open convex set
containing the feasible set X and £ is a random variable independent of x. With the regression
model, the problem has a standard SP formulation as follows.

minimize f(z) = c¢(x) + Ez[h(z,¥(z) + )] + Ez{g(x,¥(z) + ) ]. (2)
ze X CRP
However, standard SP approaches cannot be applied, since both the regression function ¢ and the
distribution of the random variable £ are unknown, and moreover the realizations of £ cannot be
observed. In order to solve such SP problems effectively, data pairs of decisions and uncertainties
should be collected together to learn the relationship of uncertainty with the decision variable.

A practical method is “Predict-then-Optimize” (PO) ([I8]). In this sequential paradigm, with
a given set of data pairs {(z,w’)}, one first predicts the probability distribution of the random
variable parameterized by the decision variable, and then solves the SP problem composed with the
predicted probability distribution. However, there are several technical issues associated with the
PO scheme: a) in most practical cases, the true probability distribution of uncertainty may not be
approximated well by parametric models; b) it may be expensive to acquire data pairs in the entire
decision space, hence nonparametric prediction models may not approximate the true probability
distribution of uncertainty well; ¢) it is computationally challenging to solve the coupled nonconvex
and nonsmooth composite optimization problem in the PO scheme and the obtained solution is not
guaranteed when the prediction errors are significant.

In fact, the interdependence between predictions and decisions are at the center of the trade-
off between predictive accuracy and mathematical optimization of decision-making. So a question
that arises is: without any parametric assumption on the latent dependency, what class of composite
prediction-optimization structure could be amenable to algorithmic optimization for solving the SP
with latently endogenous uncertainty? We address this question by coupling learning models with
iterative optimization algorithms with several major contributions summarized as below.

1. Without making any parametric assumption of the probability distribution of decision-dependent
uncertainty, we develop an algorithm called “Coupled Learning Enabled Optimization” (CLEO)
and the sequence of solutions produced by CLEO is shown to converge to a stationary solu-
tion of the original nonlinear, non-convex and non-smooth constrained SP problem with
probability 1.



2. Instead of acquiring data pairs of decisions and uncertainties in the entire decision space
beforehand, the CLEO algorithm acquires data pairs in a sequence of trust regions (TR) in
order to iteratively learn the local dependency within local regions. Numerical experiments
show that the total number of data pairs required in CLEO could be significantly lower on
average than the data size required in the PO schemes.

3. In the CLEO scheme, on one hand, local linear regression model is locally comparable to the
nonparametric prediction models and locally better than parametric prediction models. On
the other hand, the composite optimization subproblem with a local linear regression model
is a convex problem in the trust region, thus a simpler optimization problem to solve. This
connection between learning and optimization in CLEO automatically balances the trade-off
between prediction accuracy and optimization complexity.

4. Central points and radius of small regions for local learning models are automatically deter-
mined by the ratio of improved performance at solutions obtained in iterative TR optimization
steps. This connection between learning and optimization balances the trade-off between ex-
ploring new solution region and exploiting the current solution region. We note that this is
analogous to the exploitation-exploration trade-off in reinforcement learning, but this type of
trade-off is novel in stochastic programming with endogenous uncertainty.

1.1 Problem setting

We make several assumptions about the program so that we focus on the treatment of latent
dependency.

(A1) The regression function ¥(-) : Z C R? — R™ is a twice-differentiable function, € is a random
vector independent of z, with a compact sample space. It has zero mean and finite variance X.

(A2) The function h(z,w) = maxjecs h;(z,w). The set J is a finite index set and for each j € J,
hi(-,+) + Zj x 2 — R is a convex and C! smooth function where Z; C RP is an open convex set
containing X and 2; C R™ is an open convex set containing £.

(A3) The function c(-) : R? — R is C! smooth on X and the function g(-,-) is C! smooth on
X x Q. The functions ¢, g, h and v have the Lipschitz continuity modulus L1, and ¢, g, {h;}jc7s
and ¥ have Lipschitz gradient modulus L.

(A4) The feasible set X C RP is a deterministic, convex and compact set

We provide some motivation for the above assumptions. In assumption (A1), we assume that the
random variable w is generated from a homoscedastic regression model which means that the noise
€ has a finite variance independently of x. Notice that we do not have any parametric assumption
on the regression function . Given the widespread use of regression models, this assumption
can easily leverage modern tools of statistical learning. Assumptions (A2) and (A3) characterize
properties of the objective function f(x). In particular, ¢(-) is a smooth but nonconvex function
independent of the randomness. There are two functions associated with randomness: g(-,-) is a
smooth but potentially nonconvex function and A(-,-) is a convex and nonsmooth function due to
the structure of finite pointwise maximization. Such functions arise in some applications such as
two-stage stochastic linear programs (SLP). Assumption (A4) imposes a deterministic and convex
feasible solution set so that we focus on the treatment of the latent decision-dependency.



This type of latently decision-dependent uncertainty appears: (a) in marketing where  may denote
an advertising plan and w may denote sales [39]; (b) in revenue management where = may denote
a booking policy and w may denote demands [13]; (c) in disaster preplanning where x may denote
a preparatory plan and w may denote the survival of links after a disaster [35] and so on. In order
to make the connection with standard statistical/machine learning terminology, we treat z as the
predictor, and w as the response. To seek an approximate solution of , we will estimate the
dependency of the response on the predictor using an entirely data-driven approach.

Though problem ([2]) shares some relationships with composite optimization problems (such as [15])
or the finite sum in regularized empirical risk minimization problems (such as [36]), the most
significant difference of from the previous problems is that the objective function f(z) has an
implicitly composite structure due to the unknown endogenous uncertainty. The composition of
a nonsmooth function kA with the unknown nonconvex function 1 integrated with the randomness

€ leads to the significant challenges in solving an implicitly-composite, nonsmooth and nonconvex
SP problem .

To motivate the class of applications of SP with implicit endogenous uncertainty, we discuss a joint
production and pricing example. The demand is a random variable which is implicitly affected
by the price. Numerical performance of CLEO on this joint production and pricing problem is
presented in Section[d] Besides, a joint production, shipment and pricing problem can be formulated
as a two-stage SLP with endogenous uncertainty as well and we refer the interested readers to [3]
for details.

Example: Joint production and pricing problem

Suppose we have a set of K products to be launched. For each product i, we need to decide
its price p; and the amount ¢; to produce at the cost of c¢y; per unit. The demand d; of each
product ¢ is not only affected by its own price but also by the price of other products. We use
bold vectors p,q,ci; and d to represent the price, production units, production cost, and demand
for K products. Suppose that the demand d is a regression model of the price p in the form that
d = ¢(p) + € where € is a random variable with bounded variance and is independent of p and q.
Due to the variability of the random demand, we have the option of last-minute production at the
cost of ¢ > ¢1 per unit to satisfy the demand. Moreover, we suffer the penalty cost of c3 per unit
if the production exceeds the demand. The goal is to decide the price and production quantity to
minimize the expected total cost. This problem is modeled as a stochastic programming problem
as follows. It is straightforward to notice that this problem satisfies assumptions (A1)-(A4).

miqnli)ril(i)ze ¢ q+ Eqjp[ — p'd+ cg max{d — q,0} + c5 max{q —d, 0} ] (3)
In practice, besides the price, the demand could depend on features such as seasonality and pro-
motion. Actually, these features can be categorized into two classes, controllable features (e.g.,
price, promotion) and environmental features (e.g., seasonality). When only controllable features
are considered in modeling the uncertainty, the CLEO scheme could be applied for such situa-
tions. When both price and seasonality features are considered, the goal is to seek the best plan
of production and pricing for a specified season. Mathematically, the SP model aims to mini-
mize Eq|p z) [ f(P,q,d)], where Z represents a specific seasonality and f(p,q,d) £c/q-p'd+
cy max{d —q,0} + c; max{q—d, 0}. If we can obtain data pairs of (p,d) for the specified season
z, then the CLEO scheme is suitable. If we can only obtain the data pairs of (p, z,d), then the
CLEO scheme might need further adaptations. However, the study of the SP problem accounting
for both controllable and environmental features is beyond the scope of the present paper.



1.2 Literature review

Decision-dependent uncertainty is common in operations management (OM) models. In revenue
management, Cooper et al. [I3] analyzed that if the dependency of demand and price is ignored,
this modeling error could result in the systematic deterioration when the decisions are made based
on the prediction using observed data over time. In dynamic pricing, there is a growing literature
[1, 10] which combines demand learning and pricing to control the regret. We refer to [14] for a
comprehensive review of literature in dynamic pricing. Most of the work in revenue management
assumes known or parametric demand functions while there are a few works [4, [§] addressing the
nonparametric demand models. In newsvendor-type problems, Lee et al. [2§] utilize the quantile
structure to design an iterative decision process which is combined with a forecasting model. Liyan-
age and Shanthikumar [3I] proposes operational statistics by integrating parameter estimation and
optimization to obtain a better solution compared with the traditional approach for the newsvendor
inventory control problem with ambiguous demand. In these works, the integration of learning and
optimization relies on special structures of these operations management models.

Connections with Stochastic Programming In stochastic programming, Dupacové [16] cat-
egorized endogenous uncertainty into two subclasses, where the decision can either affect the prob-
ability distribution of the uncertainty or affect the time when the information of the uncertainty is
revealed. In the current literature, the decision-dependent information revelation has received the
most attention (see [20} 23]). As for decision-dependent probability distribution, the literature is
quite sparse since nonconvexity can easily creep in. Dupacové [16] addresses two classes of problems
where the decision either affects parameters of the parametric probability distribution or affects
the choice of a probability distribution among a finite set of probability distributions. Hellemo et
al. [23] add another class of problems where the probabilities are distorted by decision variables.
Noyan et al. [34] study the distributionally robust optimization model with decision-dependent
uncertainty in risk measures such as CVaR. Current studies of endogenous uncertainty in SP ei-
ther take the dependency of uncertainty on the decision variable being provided a priori, or have
parametric assumptions of dependency.

In contrast to the above modeling-oriented viewpoints in SP, we do not make any parametric
assumptions on the endogenous uncertainty. We integrate the local prediction model of the unknown
endogenous uncertainty models with the decision-making using a trust-region type algorithm in this
paper. There are also sampling approaches which mimic trust-region type algorithms via adaptive
proximal parameter choices for stochastic linear programming (e.g., [24]) and more recently [30]. In
the former paper, an iterative choice of the proximal parameter is akin to the iterative choice of a
trust region radius. In the present paper, the need for model-fitting within endogenous uncertainty
models in this paper, makes the trust region approach a more natural choice.

Predict-then-Optimize(PO) To accommodate the latent dependency, we take the decision
variable as the predictor and the uncertainty as the response. PO schemes of this nature are
very common in practice. For instance, in revenue management, a common approach is to first
approximate the demand curve by a linear function of price (see [10]) and then plug the approximate
linear demand curve into pricing problems. Actually, techniques used for SP with endogenous
uncertainty in most of the literature can be seen as PO approaches. In such a paradigm, a choice
among various prediction models affects the approximate optimization problem and thus affects
the quality of the derived decision. In the case of exogenous uncertainty, Elmachtoub and Grigas



[18] develop “smart” predict-then-optimize approach which modifies the loss function of prediction
models by accounting for the objective value of a special class of linear programming problems.
Since PO approaches deal with prediction and optimization separately, one needs a novel way of
balancing the trade-off between predictive accuracy and optimization complexity.

Derivative-free methods Instead of estimating the latent dependency, one could use derivative-
free methods [12], 27] without knowing function structures. In [19], a zeroth-order method is applied
to compute a critical point for the stochastic programming problem with known decision-dependent
uncertainty under a smoothness condition. Another applicable method is trust region (TR) methods
based on derivative-free models. We refer to Conn et al. [11] for comprehensive study of trust region
methods. A classical trust region method iteratively solves a subproblem using the second-order
approximation in the trust region centered at the proposed solution. As the algorithm proceeds, the
trust region radius is either contracted or expanded depending on the ratio of actual-to-predicted
reduction on the objective value. Without using derivative and the second-order information of
the objective function, we can construct a random trust region model using either interpolation
or regression models over decision variables. Recent studies [2] [6, 9] 21l 26] develop various trust
region methods with random models for convergence to a first-order and second-order stationary
solution of smooth and unconstrained optimization problems. In addition, a type of derivative-free
approach was developed by Bertsimas et al. [3] which approximates the conditional expectation of
a random function given imperfect observations using machine learning (ML) methods including
LOESS, regression trees and random forests. In the case of decision-dependent uncertainty, the
approach in [3] overcomes non-convexity by discretizing the space of continuous decision variables
and aggregating the optimal value of subproblems for all discretized decisions. Such discretization
of the decision space introduces exponential growth in the size of decision-making problem.

The CLEO algorithm, which is developed in the present paper, is based on a type of derivative-free
trust region method for solving SP with latently decision-dependent uncertainty. Specifically, the
CLEO algorithm is comprised of an iterative scheme consisting of learning steps and optimization
steps. In a learning step, we predict the local latent dependency using local linear regression
(LLR) centered at the current iterate. In the optimization step we seek a candidate solution of
a trust region subproblem composed with the random LLR model. The difference of CLEO with
the current literature on derivative-free trust region methods such as [9] is that the proposed TR-
based method is adapted for nonsmooth, latently composite, constrained stochastic programming
problems. The other work relevant to our approach is [26] in which a derivative-free optimization
method is developed by utilizing the trust region framework with regression models from data. The
setting considered here is different from the above reference due to a latent composite structure in
SP problem caused by the decision-dependent uncertainty.

Local linear regression is an old approach dating back to late 19th century, which approximates the
mean of dependent variables locally by a member in a parametric function class (see [32]). Hence,
we can estimate a much wider class of regression surfaces than parametric regression models. The
bandwidth of local regression models is traditionally chosen to be a constant or to contain a fixed
number of points as a means of balancing the bias and variance of estimation. In its more recent
incarnation, local regression includes weights using a kernel based on a given bandwidth. In CLEO,
we use the uniform kernel in local linear regression, then the bandwidth represents the radius of the
region for fitting a linear regression model. Moreover, we integrate learning with optimization by
allowing the bandwidth of LLR model to follow the trust region radius rule so that it is automatically
adjusted to the ratio of actual-to-predicted reduction. Such interaction provides a bridge between



the accuracy of local learning models and the optimality of optimization subproblems. Though a
local regression model with the second or higher order functions could provide higher accuracy, it
would result in a more challenging nonconvex composite subproblem. In an effort to control the
complexity of any iteration, we use simple local linear regression without much loss of accuracy.
To the best of our knowledge, the CLEO algorithm is the first to present a provably convergent
algorithm for coupling learning and stochastic optimization to control the overall complexity in
seeking a near-optimal solution for SP with decision-dependent uncertainty.

2 The CLEO algorithm

2.1 Notations

In the following analysis, we use 1,x, to denote the matrix of size p x ¢ with all one entries, 1,
to denote the vector of size p with all one entries, 0,x4 to denote the matrix of size p x ¢ with
all zero entries and I, denote the identity matrix of size p. For a vector v € R™, ||v|| denotes the
Euclidean norm of a vector. For a matrix M € R™*" || M|| denotes the matrix norm induced by
the Euclidean vector norm. We follow the classical O(-) and o(-) representations for asymptotic
behavior. For a smooth function g(-,-) : X7 x Xo — R, we use Vig(x1,x2) to denote the gradient
taken with respect to the first variable at (x1,x2) and Vg g(x1,z2) to denote the gradient taken
with respect to the second variable at (z1,z2). For a convex function A(-,-) : X7 x Xo — R, we use
O1 h(x1,x2) nad 02 h(z1,x2) to denote the subdifferentials taken with respect to the first variable
and the second variable at (x,x2) respectively. When we address the probability distributions of
random variables, we use MN,, (M, U, V) to denote the matrix normal distribution and U (S) to
denote the uniform distribution on a set S.

Because problem is potentially a nonconvex optimization problem, we limit our scope to seeking
a directional stationary point which relieves the computational burden of searching for a global or
local optimum. With the fact that a composition of convex and differentiable function h(z, ¥ (x)+¢)
is Clarke regular and locally Lipschitz continuous, we can compute the directional derivative of f
by [15] and Theorem 7.44 in [41]. For any x € X and any d € T (z; X) where T (z; X) defines the
tangent cone of the set X at z, the directional derivative of f at x for the direction d is computed
as follows.

f(x; d) = Ve(x) d+ Bz [h'((z,¢(x) + €); (d, V(z) 'd) + g'((z, ¢ (x) + &); (d, Vo(z) Td)] (4)

where
W' (@, 9(x) +8); (d, V() Td) =sup{q] d+q) Vi(z)d: q € dih(z,9(x) +E), q2 € Dah(z,b(z) +E)}
9'(z,¥(x) +8); (d, V(z)Td) = Vig(z,¥(z) +8)Td+ Vag (z,9(z) + &) Vi(z) Td

Accordingly, the directional stationarity of is defined as follows which can be found in Chapter
8 in [37] by Rockafellar and Wets. We refer to [29] for a recent review of stationarity in nonconvex
problems.

Definition 1. We say that T is a directional stationary point of the problem if
fl'(@z—2)>0, foranyze X,
or equivalently, x(z) = 0 with
X(z) £ | min{f'(z; d) :x+d € X, || d|| < 1}| (5)



Since ¥(-) and the probability distribution of £ are not available a priori, our strategy couples
the estimation of a regression model with the optimization in (2). In the CLEO algorithm, we
iteratively conduct a learning step with LLR and an optimization step using the TR method. In
the rest of this section, we touch upon LLR models and the trust region method in turn.

2.2 LLR models

We assume that we are able to obtain data pairs of the decisions and uncertainties in local regions
as the algorithm proceeds. In practice, this can be achieved by simulations from the complex model
of the random variable w. In learning steps, we consider a hypothesis class of affine functions, i.e.,

HE{H():RP 5 R™ | ¢(z) = (BY) Tz + (BY)T, and B! € RP*™ B ¢ RI>*m 1,

At the kth iteration, given the current point Z* and the current trust region radius dy, suppose we
draw the data set T}, = {(2%,w")} of size N} with the set of points {xz}i\fl uniformly generated in
the local region € B(z*,8;) N X. Among parametric functions in the hypothesis class H, we seek
the one which minimizes the sum of square errors on the data set 7. One may use a kernel to
weight data points according to their distance to the current point Z* or use weighted least squares
to deal with heteroscedasticity when the variance of the noise in regression is dependent on z. In
the present paper, under the homoscedasticity assumption, the simplest variant is to use a uniform
kernel for local linear regression. Then, the estimation of parameters Bk*l, B*0 and residuals {ek*i}
are constructed as follows.

{B*°, B*'} € argmin Z H w'— (BY ' —(BYT H2, (6)
BY,B! (zt,wh)€ETy,
ePl Wt — (BPY T2t — (BP)T, fori=1,2,..., Ny (7)

Let £% denote a random variable with the empirical probability distribution of {ek’i}ﬁl. The LLR
model my is constructed as follows.

mi(@* + s, %) £ (BY)T (@ +5) + (BM)T 42", (8)

2.3 TR models

The TR model fi is then constructed with Es denoting the expectation with respect to the
empirical probability distribution of {ek’i}fvz’“l.

@ +5) £ (@ +5) + Ezn [W(@* + 5,mp (@ + 5,85)) + g(@* + 5,mp (3" + 5,5 ] (9)

From an intuitive perspective, the LLR model my, is a first-order probabilistically accurate approx-
imation of latent dependency with enough number of samples. By composite structure, the trust
region model fi is a probabilistically accurate approximation to the original objective function.
Such a criterion on accuracy will be formally discussed in the convergence analysis in section [3.1]
A trust region subproblem is formulated as follows.

(Py) minimize  f(Z" + s)
’ (10)
subject to ¥ +s€ X, ||s| < 0k



Note that under assumptions (A2) and (A3), fi is the sum of two smooth functions and a convex
nonsmooth function. If the smooth part is convex, the trust region subproblem is a convex
problem and we could find a global optimum by using any efficient numerical algorithms for con-
vex programs, such as the stochastic approximation algorithm [33], the stochastic decomposition
algorithm [40, B0] and others. If the smooth part is nonconvex, we can compute a suitable point to-
wards the steepest descent direction that satisfies some “sufficient” decrease condition. Specifically,
following the construction in Chapter 11 of [I1], for any given point ¥ € X, we say s* is a suitable
step of (Py) if 2% + s € X, ||s*|| < &; moreover, there exists a positive constant e, € (0,1) such
that,

fe@) = fo@ + 5%) > Raep oo (@) min {6, 1}, for any & € B(z",¢) N X, (11)
where
Xk(x) = | minimize f ' (z; d) |. (12)
x+de X
ldll <1

Theorem 12.2.2 in [II] implies that the “sufficient” decrease condition can be satisfied by a
step to the boundary of the steepest descent direction. The method to derive such a point is beyond
the scope of our paper; instead we refer the interested readers to section 12.2 in Conn et al. [I1].

Because of modeling error, one needs to verify whether the derived suitable step s; is a descent
step. Trust region methods use the ratio of actual-to-predicted reduction as a criterion. Due to the
unknown decision-dependency, actual function values can not be computed, but can be estimated
using local regression models. Specifically, to estimate function values f(z*) and f(z* + s*), we
first generate two independent data sets S = {(27',w’!)} and Sgyq1/0 = {(27?,w??)} with two
sets of decision points {27!} and {272} uniformly generated in neighborhoods B(z*, ||s;||/2) N X
and B(z" 4 s*,[|sx]|/2) N X respectively. Following (8), with Si and Sy 15 we fit two local linear
regression models respectively denoted by my 1 (7 +5,8%1) and my o(Z* + 5,8%2) . Then function
values f(z%) and f(z* 4 s*) are estimated by vz and Vi41/2 as follows.

vp 2 (@) + Bara [ @5, mp 1 (3, ERY)) + g(@F, my (38,801 ] (13)

Upr1s2 2 (@ + %) + Bara[R(@" + %, my o (@ + s5,52)) + g(@" + 5, my (3" + 5F,8%2)))]
(14)

The ratio of estimated actual-to-predicted reduction is then approximated as
Ny =~k ~k k
pr 2 (v = veg10)/ (@) = fu@ + 5°) ) (15)

The criteria that whether the new step Z* + s* will be rejected or accepted contain two parts. One
is that if the ratio pj is large enough, the other is the that if the ratio between the generalized
gradient x(z*) and the TR radius dj, is large enough. In section 11.4 in [11], there is a discussion
on how to compute the generalized gradient for a composite function h(c(z)) when h is a piecewise
affine function and c is a differentiable function. We can easily extend the formulation of generalized



gradient for fi under the assumption (A2). In particular, we have

Ve( Td+ Zh z,my(z,e); (d, (Big) " d))

= — min

r+deX N
Il <1 Zvlg z,mp(z, ")) d + Vo g(a, my(z, ")) (B1 ) d
Ve(x )Td+*2vlg (@, mg(w, e ) Td + Vo g, my(w,e"")) T (B1 ) Td
= min, L M

B W ; JEAleehiy {Vlh (@, mp(z, ")) Td + Vahj (2, mp(z, ") T (Br) d}

where A(z, ) £ {j € J : hj(z,mk(z, ) = h(z, mg(z,e))}. Hence, the computation of
generalized gradient is equivalent to solving a convex program as above.

2.4 CLEO algorithm

We present the CLEO algorithm which combines the learning step and the optimization step in
Algorithm 1. At each iteration, given the data set T}, the CLEO algorithm successively constructs
an LLR model my and a trust region model fi following lines 3-5 of Algorithm 1. A suitable step
s* is derived in line 6 satisfying the sufficient decrease condition (I1)). The actual-to-predicted
reduction ratio pi is computed through lines 7-9. According to the update rule from line 10 to
line 14, a new iterate point is accepted if the sufficient function reduction is achieved, and the
trust-region radius is small compared to the norm of the generalized gradient. The logic behind
this update criterion on trust-region radius follows from the fact that the step size obtained by the
minimization of a smooth function is typically proportional to the norm of its gradient, hence the
trust region should be of comparable size as well. In the next iterate, we take the bandwidth of LLR
model to be the same as the updated trust region radius. If the current local linear regression model
does not fit the local dependency well, this would lead to a large ratio pg, and then the suitable step
is rejected so that the next LLR model with a shrunk bandwidth is more appropriate in a smaller
region. In this way, the CLEO algorithm connects the predictive model with the optimization
problem through a “smart” bandwidth choice. This connection automatically balances the trade-
off between the exploration of the new decision region and the exploitation of the current decision
region.

To practically implement CLEO, one needs to specify the size of data generated in each trust
region. In the convergence analysis in section we present the sample size requirement for the
convergence. However, it is not a practical guide as most of the constants (i.e., Lipschitz gradients)
in the sample size requirement are not usually available in practice. We assume that the sequence
of sample sizes { Ny} are given for now and we will discuss the empirical choices of sample sizes in
Section [l
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Algorithm 1 CLEO

1: Initialization:

7% € X, 8 € (0, 6max) With dpax > 0,7 > 1, 71 € (0,1), 12 > 0.

2: for k=0,1,2,... do

3:  generate a set of samples {u'} from a uniform distribution ¢(B(0,,1)). Let {z'} £ {5 u’ +
7%} N X and {w'} are corresponding scenarios according to the true models {m(z?,&)}. Let
T, = {(2%,w)}.
construct a local linear regression model my(z* + s5,&%) by with the data set T}.
construct the trust region model fi(Z* + s) by (9).
compute a suitable step s¥ of the TR subproblem satisfying the condition .
generate sets of data pairs Sy and Sj 1/ uniformly in trust regions B(@*, ||skll/2) N X and
B(z* 4 5%, ||s1]|/2) N X respectively.
8 construct two local linear regression model my 1 (z% + s*,51) and my (2% + s*,852) by

fitting data sets Sy and Sj /o respectively.

9:  compute v by , Ukt1/2 by (14), pr by and yx(z%) by (12).

10: if pp >m and Xk(/fk) > 190 then

11: gL =3% 4+ sF §pyy = min {76, dmax}
12:  else

13: Zhtl = jfk, Op+1 = ’y_lék

14:  end if

15: end for

3 Convergence analysis of the CLEO algorithm

In this section, we show that the sequence {Z#*} produced by the CLEO algorithm converges to a
stationary point of (2) with probability 1. Intuitively, the convergence should hold if the trust region
models {fx} are probabilistically accurate within the trust region. The condition of probabilistic
accuracy that is required for the convergence is formally defined as probabilistically fully linearity
in the literature [2,[9]. The convergence analysis for CLEO is comprised of two parts. In section
we first show that under the sample size requirement of data in trust regions, the TR random model
fx is probabilistically fully linear. Using this property, we then show in section the sequential
convergence of CLEO to a stationary point with probability 1. Though CLEO can be seen as an
extension of the trust region method for unconstrained smooth optimization problem in [9], the
convergence analysis for CLEO is nontrivial due to the challenges in dealing with a constrained,
latently composite, nonsmooth and nonconvex stochastic optimization problem.

3.1 Probabilistically fully linear property of a TR model

In the following analysis, when we describe a random process in the CLEO algorithm, we use
uppercase letters, such as the kth iterate X*, to denote random variables, while we use lowercase
letter to denote realizations of the random variable, such as Z¥ which denotes the k-th iterate for
a particular realization of our algorithm. This kind of notation will be applied to the LLR models
{m},{My}, TR random models {fi}, {F}} and random value estimates {vg, vi11/2}, { Vs Vig1/2}
as well. Hence, our algorithm results in a stochastic process { My, Fj, Xk, Sk, Ak, Vi, Vk+1/2}- Our
goal is to show that under certain conditions on the sequences {Fj} and {Vj, Vi, 11,2}, the resulting
stochastic process has desirable convergence properties almost surely. We first provide concepts
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of k-fully linear approximation of deterministic and random trust region models respectively in
Definition [2| and [3] The definition of fully linear model is introduced in section 6 of [12]. With this
notion, model functions are characterized to behave similarly to Taylor approximations in a given
trust region. This notion was generalized to random models in the probabilistic sense in [2].

Definition 2. Let f: Z — R and fi : Z — R be locally Lipschitz continuous and directionally
differentiable functions defined on an open set Z C R™ containing the convex compact set X.
We say that the function f, is a s-fully linear model of f on B(Z¥, 6;,) with k = (Kef, Feq) and
KefyKea > 0, if for any = € B(Z*, 6, )N X,

X(7) = Xk(z) < Ked Ok,
| f(2) = ful(@) | < Key 67,

where x(x) is defined in and xj(z) is defined in (12).

Definition 3. Let f : Z — R be a locally Lipschitz continuous and directional differentiable
function defined on an open set Z C R™ containing the convex compact set X. Let {F : Z — R}
be a sequence of random functions, each of which is locally Lipschitz continuous and directionally
differentiable almost surely. A sequence of random functions { Fj} are said to be a-probabilistically
k-fully linear with respect to {B(X*, Ay )} if and only if for a scalar a € (0,1), a constant vector
K € Ri and any k > 1, the event I, = { F} is a r-fully linear model of f on B()/(\'k, Ay) } satisfies
the condition
P(Ii| Fx-1) > a,

where Fj_1 denotes the o-algebra generated by {F;, V;, ‘/i+1/2}i‘€:_017 and P(e| Fi_1) is a conditional
probability given the past history of Fj_1.

In addition to the probabilistically accurate condition for TR random models, we require sufficiently
accurate value estimates.

Definition 4. The value estimates v and vy 11/ are ep-accurate estimates of f(@*) and f(z* +s*),
respectively, for a given ¢ if and only if

| — (@) | < erd?, lvkﬂ/z—f(ﬁc\k—l—sk)] < ep 07

Definition 5. A sequence of random value estimates {(Vj, V11 /2)} are said to be S-probabilistically
ep-accurate with respect to the corresponding sequence { Xy, Ay, Sk} if for the nonnegative con-
stants 5 € [0, 1], ep and any k > 1, the event,

Jr = { Vi, Viy1/2 are ep-accurate estimates of f(@*) and f(@* + s*) respectively for Ay }

satisfies the condition
P(Jg| Fro1/2) = Bs

where Fj,_; /5 denotes the o-algebra generated by {Fi}F_| and {V;, %+1/2}f;()17 and P(e | Fj_1/p) is
a conditional probability given the past history of Fj_y/o.

For the linear regression model, we introduce definitions of poised and strongly A-poised condition
according to section 6 of [12], which will be utilized for the probabilistically fully linear property

12



and probabilistically accurate property. Recall that a trust region data set of size Ny is denoted by
Ty = {(z*,w")}. Let
1 (xl)T

Definition 6. The set {z'} is poised for the linear regression model if the matrix U* has full
column rank.

If the set {z'} is poised, then the least-square linear regression is unique. However, the condition
of poisedness is not sufficient to derive a uniform error bounds for the convergence analysis. Under
the condition of poisedness, when the number of samples is allowed to grow arbitrarily large, we
introduce the strongly A-poisedness condition which imposes an upper bound on the Lagrangian
polynomials {(z) in the ¢3 norm.

Definition 7. Let a scalar A > 0 and a set B C R be given. A poised set {z'} of size N}, is said
to be strongly A-poised for the linear regression model in B if /Ny max.cp ||I(z) || < A, where the

Lagrangian polynomials [(z) £ (U*)((U*)TU*)~1 ( i >

We refer to section 6.5 in [I2] on ensuring a strongly A-poised set for derivative-free optimization.
Specifically, for the regression model, algorithm 6.7 in [I2] provides an approach to compute a
A-poised set given an initial set of points Y based on Theorem 6.3 and Algorithm 6.3 in [12]. To
show that trust region models { F}} constructed in satisfies the a-probabilistically x-fully linear
property for a € (0,1), we need the probabilistically accurate properties of the LLR in Proposition
with the proof given in the Appendix. In [26], similar properties are analyzed for regression
models under the strongly A-poised condition using the Markov inequality. Our analysis of this
property is different from theirs by using the Law of Large Numbers and Berry-Esseen Theorem
under the same strongly A-poised condition.

Proposition 8. Under assumptions (A1) and (A3), given a feasible point ), € X and a trust
region radius &, > 0, for the data set Ty = {(z%,w')} of size N} generated from line 3 in CLEO,
suppose that the set {2’} is strongly A-poised in B(z*,46,) N X. Let B*1 and B*? be the least
square estimators of the local linear regression model following @ Then for any z € B(z*, 6;)NX,
we have the following results.

(a) Forany 0 < a < 1, there exists a constant e, > 0 such that when Nj > max{O(5; * Kog ), O(a™2)},
P (H Vib(@) — BR|| < keg Ak, Vo € B(X®, Ap) N X | ]—“k_1> > 1-a.

(b) For any 0 < o < 1, there exists a constant ky > 0, when N}, > 0(5,;4ﬂ;fa_1),

P ([ e(e) — (B w = (BM)T || < kep A2, Vo € BRS,A)NX | Fi ) = 1-a

Now we establish the probabilistically fully linear property in Proposition [9] with the proof given
in the Appendix. It relates the probabilistic error of TR models with the probabilistic error of
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LLR estimators given in Proposition [§ It is worth noting that we utilize some properties of
e-approximate directional derivative in the proof to provide the probabilistic bound for the gap

x(w) — xk(z).

Proposition 9. Suppose assumptions (A1)-(A4) hold for the composite SP problem (2). At the
k-th iteration of the CLEO algorithm, given a feasible point T € X and a trust region radius
S > 0, for the data set Ty, = {(2%,w")} of size Ny generated in CLEO, suppose that the set {z'} is
strongly A-poised in B(z*,d;,) N X.

a) There exists a constant k¢ > 0, when Nj, > max{O(6; k1), O(a~2)}, we have
f k Mef

P (1f(x) = Fu(a)] = rep AR Yo € B@E, A N X | Fea ) < 5.

(b) There exists a constant #eq > 0, when Ny > max{O(¢; %k %), O(a~2)}, we have

P (X(HT) — xk(2) > Keal, Vo € B(Z", A) N X | fkq) <

From (a) and (b), we can derive that there exists a constant vector kK = (Kcf, Keq), When Nj >
O(max{6; * O(a~2)}), we have

P (’ f(@) = Fi(x) | < kep AZ, X(2) — X0(2) < Kea Ak, Yo € BE", Ap) N X | fk—l) >1-—o

We can derive the probability accuracy of the random estimates (Vi, Vj41/2) by using the similar
analysis as in Proposition [0] So we omit the proof and present the result as follows.

Proposition 10. For the composite SP problem under assumptions (A1)- (A4), for the data
set Ty, = {(2*,w®)} of size Ny generated in CLEO, suppose that the set {x'} is strongly A-poised
in B(z*,6,) N X. Then for any 0 < B < 1, there exist positive constants ep, and My (B) of
order O(AL"Y), such that if 1Skl 1Sk41/2] = Mp(B), then random estimates (Vi,Viy1/2) is B-

probabilistically €p-fully accurate with respect to B()?k, Ay).

3.2 Convergence analysis to a d-stationary point

The convergence analysis serves as an extension of trust region method with random models [9] to
the nonsmooth, composite, constrained stochastic programming problem. The convergence analysis
is based on Proposition [9 and Proposition [I0, which hold under the requirement of sample size in
the trust region with the scale of constants depending on the smooth functions {%;(-)};c7 and g(-).
With a fair estimation of the constants, we assume that in the process of the CLEO algorithm, we
could generate data pairs from reality or simulator so that the size of TR data sets {1} } satisfy
the requirements in Proposition [9] and Proposition While this requirement may be demanding
sometimes, numerical experiments in section [4 show that CLEO needs much smaller size of data
than the PO scheme in achieving a suboptimal objective value. Hence, we assume the following
assumption on the sample size requirement for the sake of the theoretical convergence analysis.

(B) Suppose for some chosen probability parameters « and 3, for any given positive number £k,
feasible point Z* and trust region radius 0y, we are able to generate a sample set of size in order of
0(5,:4) in the trust region B(z*,d;) N X with which the TR random model F}, is a-probabilistically
k-fully linear and random value estimates (Vj, V,11/2) are S-probabilistically ep-accurate.
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The following lemmas hold under the assumptions (A1)-(A4). So for the sake of brevity, we will
not include the assumptions in the lemmas. We first show the guarantees of the decrease of the
objective value in the composite SP problem .

Lemma 11. Suppose that the TR model fj is kK = (Kkef, Keq)-fully linear on B(z*,6;,) with & <

Omax. If
1

Ak
<Kc£ + ’Qed> Omax

then a suitable step s; under leads to an improvement in f(z* 4 s*) such that

5k < X(a"\k)a (16)

F@EF+sF) — f(@%) < —Cix(@F)0y.

2Kdep Kef

where Oy £ .
(4H6f + Ked ﬁdcp) 5rnax

Proof. The definition of a k = (k¢f, Keq)-fully linear model yields that,

dkey

k(@) > (@) — Keady > Ok (17)

Rdcp

~k ~k Red Rdcp ~k dkef ~k
Xk(Z") 2 x(Z _deék;Z(l—)X(L‘ =— (T 18
@) = x(3) ~ r, () = @) )

With a suitable step s* by

~ = ~ . Kde
fe@) = fu(@ + s) > Kdep xk(ZF) min{d;, 1} > 5d P

X (") O,

max

From the definition of a k-fully linear model, we have

F@*+55) = F@*) = F@E + 85 = @ + 65 + @ + ) — fu@) + fu(@) - £@3)

Kd ~
< 2Kef (5,% —5 P Xk(xk)dk
max
KRd ~
<~ (5 b (19)
max
where the last inequality is derived from that 6, < %Xk(fk). Because of , we
have 5
~ N Kdep K N
f@* 45" - f@*) < - Lot X(@*)3

(4’ief + Ked ’idcp) 5max
O

Lemma 12. Suppose that the TR model f; is -fully linear on B(z*,8;) and the estimates
(Vk, Vig1/2) 18 €p-accurate with k = (kKef, Keq) and ep < kep. If 0 < do, and

) 1 Kdep(l —m) ke
5k§mln{,p X (T7).
T2 4Hef Omax ( )
where the constant 7, is the step acceptance parameter in line 10 of the CLEO algorithm, then

k-th iteration is successful, i.e., the sufficient decrease condition pi > 71 defined in is achieved.
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Proof. The trust region random function f; being (kef, Keg)-fully linear implies that
[F@) = fu@)| < mep o, and [ f@E" +55) = fu@ + ") | < kep 6. (20)
Since value estimates (v, Ukﬂ/z) are ep-accurate with ep < ke, we have
|vk — f@Y)| < Kepd,  and  |vpgije — F(@F 4+ 55) | < kep 2. (21)

Consider the parameter

. Uk — Vk+1/2
PE= @) = fo@ + o)
v — (@) F@ER) — fo(@) (@) — fo(@ + s¥)

T — fo@E 4 55 T (@) — fo@ 1 5F) T @) = fu@ + sh)
fe@ 4+ 5%) = f@F + 55 F@ ) — vy
Fe@) — @ 57 @) — @ s

Then

|or — f(@¥)] |f(@") — fu(@)]
e S S0 @ ) T @) — @+ )

\fr@ + %) — F@ 4+ s5) 1f@F 4 5F) — g0
fe(@F) — fr(ZF 4 sF) fe(ZF) — fir.(@F + sF)

By the condition of a suitable step in , and inequalities and , we have

_l’_

4 Ref 5max (5k

pr—1| < —
| | Kdep Xk (TF)

IN

1_7717

where the last inequality comes from the fact that §; < %:m&maxxlﬁ(fﬁk). O

Lemma 13. Suppose the function value estimates {(vi,vg41/2)} are ep-accurate and

1 Kdep
< —

If the kth iteration is successful, i.e. a trial step s* is accepted, then the improvement in f is
bounded such that
FE) = f@*) < —Ca 6},

Rdcp

(Smax

where Cy £ n N2 — 2ep.

Proof. When k-th iteration is successful, pp > n; and x(Z%) > 12 0y, then

Uk — Uk41/2

N N e Fde
> m (fr@) = @+ 5)) > 1 Kaep x5k (@F) min {65, 1} > n1 2 5d P

52,

max
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Since vy, and vg41/9 are ep-accurate, the improvement of f can be bounded as below.

F@) = F@ 455 = (F@) =) + (v =virrj) + (rs10 = @ +55))

Ka
> (771 s = —26F> 57

max

O]

Now with Lemma we show in Proposition [I4] that the probability parameters « and
[ can be chosen as constant values, so that the sum of trust region radii in the CLEO algorithm
is finite almost surely. The specific condition for parameters a and f is illustrated in the proof
of Proposition in the Appendix. Furthermore, we show that the sequence of random iterates
converges to a directional stationary point almost surely in Theorem with the proof in the
Appendix. It is worth noting that due to the constrained, composite nonsmooth trust region
models, some modifications of the proofs are made based on proof of Theorem 4.11 in [9].

Proposition 14. For the composite SP (2)), under the assumptions (A1)-(A4), suppose that the
strongly A-poisedness condition holds for data sets in every trust region, and the step acceptance
parameter 7o and the accuracy parameter ep satisfy

ke
Kdep(1 —m)
Then the probability parameters o and § can be chosen so that if the assumption (B) holds for

these values, then the sequence of trust-region radius, {Ax} generated by the CLEO algorithm
satisfies Y 70 ) A? < 0o almost surely.

Theorem 15. For the composite SP , under the same assumptions as in Proposition the
probability parameters a and 3 can be chosen so that if the assumption (B) holds for these values, we
have limy_ o X()A( k) = 0 almost surely; moreover, the sequence of random iterates { X*} generated
by the CLEO Algorithm, converges to a directional stationary point almost surely.

o =

1
y and er < min{,‘ief, 1771 9 (I;’dcp } . (22)
max

4 Numerical experiments

In this section, we discuss the performance of the CLEO algorithm compared with the PO scheme.
In the PO scheme, we first predict the dependency of the uncertainty on decision variables using
statistical learning models and then solve the SP problem equipped with prediction models. In order
to make a fair comparison of the PO scheme and the CLEO algorithm, we use the L-BFGS method
to solve both the approximate optimization problems in the PO scheme or the trust region subprob-
lems in the CLEO scheme. The comparisons are conducted for three decision-making problems,
including a nonconvex problem on synthetic data, a joint production and pricing problem on syn-
thetic data and a price sensitive problem of hotel rooms on real world data. The code of the CLEO
algorithm for the joint production and pricing instance is available at github.com/junyiliu99/CLEQ.

4.1 A synthetic nonconvex problem

We consider an SP problem as follows.

1 ) ~2
minimize & || x||" + Egp[&”] (23)
—5<z0 <3
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The random variable @ is a regression model of the decision variable x, i.e., w = — sin(z1)+sin(z2)+
g, and € ~ N(0,1). The SP problem is thus a nonconvex and smooth problem. Without the
knowledge of the actual relationship of w and x, we utilize the CLEO algorithm as well as the PO
scheme with prediction models including Ridge Regression(RR), Support Vector Regression(SVR),
and Gaussian Process(GP) with randomly generated data pairs to seek a near-optimal decision of
problem by proximal gradient descent (PGD). The hyperparameter tuning of these prediction
models is accompalished by grid search, which means that we manually discretize the value space
of hyperparameters and select the best hyperparameters in the prediction model. The parameters
of prediction models are estimated by the package “scikit_learn” in Python. When implementing
the CLEO algorithm, the data in each neighborhood are actively generated and the data size is set
to be a constant number (e.g., 10). The performance of four algorithms is evaluated with respect to
two criteria: 1) a snapshot of convergence process in Figure where red, green, blue and yellow
surfaces respectively refer to the surface of ground truth objective function, objective value with
the uncertainty fitted by SVR, GPR and RR; 2) objective value versus the number of samples in
Figure with the same stopping criterion. These plots are produced based on a fair and careful
parameter-tuning together with an average of 50 random replications.

As expected, CLEO converges to a stationary point of the true objective surface with the smallest
number of iterations. As indicated by Figure the yellow surface constructed by RR model does
not fit well to the true one, therefore, PO scheme with RR model does not provide the convergence
to any stationary point. When the sample size is large, the surface constructed by GPR is close to
the true surface. As shown in Figure the solution produced by the PO scheme with GPR has
its objective value slightly higher than the one produced by CLEO. However, the derived objective
values over replications in the PO scheme with GPR are more volatile than the CLEO scheme.
Moreover, training a GPR model is very time-consuming when the sample size grows large.

—e— CLEO
—e— SVR-PGD . — CLEO

o) —e— GPR-PGD e SVR-PGD
} 14 o RR-PGD g7 e—e GPR-PGD
21, 2

s 0 s o—o RR-PGD
c c

> 8 2

26 ©

S 4 55

52 F

Zo0 24

® O |aq

9 I
" \g ‘
2 ) 4
0 1
,\‘(\ef\(’ 0 500 1000 1500 2000 2500 3000 3500 4000
+ 3 4 Ws‘d Number of Samples
(a) Process snapshot (b) Objective value

Figure 1: Comparisons of the CLEO algorithm and the PO schemes for a synthetic nonconvex
problem

4.2 Joint production and pricing problem

We follow the setting in the joint pricing and production example in Section with K = 1,

demand curve ¢(p) = a % and the noise £ ~ U(—¢,¢&) and parameters a = 470,b = 6,¢c =
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0.3, = 0.1. We evaluate the performance of the CLEO algorithm by choosing different sample sizes
in trust regions in Figure [2l As we can see, except for the sample size of 2, CLEO algorithms with
other choices of sample size have similar performance in terms of the convergence of the objective
value. This indicates that the sample size requirement in the assumption (B) is for the sake of
the theoretical analysis, whereas in practice the sample size in the neighborhoods could be set as a
constant in the CLEO algorithm.

500

=—e— sample size per iteration = 2
—e— sample size per iteration = 3
—e— sample size per iteration = 5
—e— sample size per iteration = 10
—e— sample size per iteration = 20

—500

—1000 -

—1500 4

Objective function value

—2000 -

—2500

0 20 40 60 80 100
Number of iteration

Figure 2: Convergence curve of CLEO for the sample size chosen as 2,3,5,10,20
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Figure 3: Convergence curve of the CLEO algorithm and the PO schemes for the joint production
and pricing problem.

We compare the performance of the CLEO algorithm with the PO scheme with two prediction
models, GPR model and Quadratic Regression (QR) model. The blue line at the bottom of Figure
represents the globally minimal objective value of the true composite SP problem , which
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Figure 4: Convergence curve for the price-senstive problem of hotel rooms

could be taken as the ground truth. The red curve represents the objective function value at the
solution derived by the CLEO algorithm with respect to the number of samples. The red curve
indicates that the CLEO algorithm converges to the value slightly higher than the ground truth as
the sample size increases.

The performance of the PO schemes relies on the accuracy of the prediction models and the op-
timality of the solution derived by the solver. To illustrate how these two parts contribute to the
overall performance of the PO schemes, we compute two types of convergence curves for each PO
scheme. For the approximate optimization problem composed with the GPR model, the green curve
represents the globally optimal objective value and the orange curve represents the objective value
at the solution derived by the L-BFGS solver. The green curve indicates that its global minimum
converges to the ground truth as the sample size increases, whereas the derived solution by L-BFGS
solver for the PO scheme is suboptimal with a large variance indicated by the orange curve. Since
we only consider two decision variables in this instance, the global minimum of the highly noncon-
vex composite problem can be found graphically. However, when the dimension is higher than 2,
the gap between the orange curve and the ground truth is mainly the result of the highly noncon-
vex structure of the approximate optimization problem composed with the GPR model. For the
approximate optimization problem composed with the QR model, the gap between the light and
dark purple curves is small and relatively stable, whereas the gap between the purple curves and
the ground truth is large. This indicates that the estimation error of the latent dependency using
QR models results in an unsatisfactory solution even though the composite optimization problem
in the PO scheme can be solved efficiently. Combining the performance of two PO schemes, we can
see the trade-off between the accuracy of the prediction model and the complexity of the composite
optimization problem.

4.3 A pricing problem for hotel rooms

We consider a pricing problem for hotel rooms. We use the hotel booking dataset from [7] which
contains 17,838 booking records with check-in dates from March 12, 2007 to April 15, 2007, in one
of five continental U.S. hotels. The decision variable x € Ri is the price vector corresponding to
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three room types: King, Queen, Standard, and the demand vector @ is the number of booking
records for each room type. The decision-making problem is formulated as

maximize E‘;‘x [XTCNU] - A H X H2 (24)
xERi

where A > 0 is a parameter for the regularization of the price. Regardless of other market factors,
the demand w is implicitly affected by the price decision x. We use the CLEO algorithm and three
PO schemes with SVR, GP and RR for computing the price decision. Since the true optimization
problem is unknown, the objective value at a solution is estimated by the sample average using
samples within a neighborhood to the solution. In Figure 4] because of the randomness of the TR
model constructed in CLEO, the performance curve mildly fluctuates, but overall it dominates the
other three approaches in terms of the rate of progress and the objective value for this data set.

5 Conclusions

We proposed the CLEO algorithm coupling the local regression models and trust region meth-
ods for solving the stochastic programming problem with the decision-dependent uncertainty. The
CLEO algorithm iteratively deals with local behaviors in both estimation and optimization prob-
lems to control the overall complexity with the asymptotic convergence to a stationary point with
probability 1. The CLEO algorithm is then supported by computational results in simulation ex-
periments and a real-world pricing problem. It shows that the CLEO algorithm outperforms the
the uncoupled “Predict then Optimize” approach in terms of the convergent objective value and
the associated variance.
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6 Appendix

Lemma 16 (Berry Esseen Theorem). Let X1, Xo, ..., be identitcal independent R%valued random
vectors with E[X1] = 0 and VaR(X;) = ¥ assuming that ¥ is invertible. Let Z ~ N(0,%) be a
d-dimensional Gaussian random vector. Then for all convex sets S € RY, there exists a positive
constant C such that

‘P (ZZ\ZFIXl € 5) ~P(ZeS)| <Cd*nPE[STV2 X 5]
n

Proof of Proposition
For the trust region data set T}, let

(1)’ L@’ (wh? p(ah)’
e I A A R LA I PR :
(x™)T L (@M)" (W) w(@)T

The matrix of error is defined to be =% £ W* — ¢(X*). Under the poisedness condition, least
square estimators of the LLR model are unique and can be written in matrix form.

( - > = (@H7or) " @ (25)

Under (A1) and (A3), by the Taylor’s expansion of ¢ at z € B(z¥, ;) N X, we derive
(') =(2) + Vip(2) " (@' = 2) + O(La 0f) L, Vi=1,...,|T|.
We rewrite the Taylor’s expansion in the matrix form.

W(UR) = 1y 0(2) " + (U — 1n,2") Vo(2) + O(La 67) 1, xm

sk V(R —2TVY(z) 9
_p < e ) + O(L282) 1n, s

Under the poisedness condition, we derive

(FOTS ) < (0978 (04) (907 + 00 1) )
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By subtracting from the LLR estimation , we derive
Bko U(z)" = 2T Vi(2) STk ! (E) | (= 2
( St > - < v ) = (@"TT*)(TF) (25 +O0(LadR) Tvpxm) — (27)

The above equation provides the estimates for the gap Vip(z) — BF! and v(z) — (E’“O)I -
Vi (2)"z. Next we consider the asymptotical convergence of two LLR estimators, Vi)(z) — B!
and 1(z) — (BT — (BE1)T 2 on B(&*,6;) N X respectively.
( —2)"
(a) Let & = 37 2 /Ng, and U* £ (Iy, — 3-1n,n,) UF = : - Let T, 2 (0px1, L)
(2N —2)"

From the inverse of block matrix (U*)TU*, we derive that,

ﬁp ((ﬁk)Tﬁk)—l (U7 = (0px1, L) ( Z,k Ek > < (lgT:)T > = C, 1]\2 + Dy (UF)T = ((Uk)TUk)_

where * represents the matrices on the first row of the matrix, and

a1 seTe U s TR T T
Ok &~ D (09 1y, =~ (@9TTF) (@M T,
1 -1 _
D& (OO0 - O aR DY = (@ 0N
k

By we derive

Vi(z) - BE =T, (@70 0%+ 0L T, (09T0%) (09 1xycm

where U* £ % /§;,. According to the construction of {z'} at line 3 in CLEO algorithm,
(@ —a)’
ot =
(@~ a)T
where each %' is independently sampled from U(B(0,,1)) for i = 1,..., Ny and @ = Nik Zf\fl ul.
NSNS P

Now we show that the matrix <(Uk)TU k) (UF)T=F asymptotically converges in distribution.
By the Law of Large Numbers, Nik(ﬁ "“)Tff k 5V, almost surely where V, £ E; [17 ﬂT] and © ~
U(B(0,,1)). By Theorem 2.57 in [17], Nik(ﬁk)Tﬁk converges with the rate of 0(N,€_1/2). By the
Berry-Esseen Theorem, there exists a constant C' such that with the rate of CIV, 1 2, we have

1

(TF)TZF & MN e (0, Vi, ), as Ny — 0o,

E
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By the Slutsky’s Theorem, with the rate of O(N,;l/z),
IR RS
VN, ((U’f)TU’f) (OF) 2% % MN (0, V1, 5),  as Nj, — oc. (28)
Let Hy ~ MNpxm(0,V, 1, 3) be a random matrix and let ¥; be a cumulative probability distribu-

tion of || H1||. For any 0 < o < 1, there exists a constant ey > 0, when Nj, > max {5,;4 (T1(1— a/2))2/£e_gQ, 4C 202
we have

P ([Ve(2) = B¥ | > kegr, ¥z € BR®, Ag) N X | Fyy )
~ ~ -1 ~
<P (10 (@784 @972 > ke | 7

1 _
<P (m [H1 | 2 feg(Ar)? | fkl) +CON 2

<a/2+4+a/2=q.
(b) Consider
U(z) = (B T2 — (BT

= [4(2) = Vo) Tz = (B)T| + (Ve(=) - BT

| ()T = 2TV(z) — BRO ! < 1 >
B Vi(z) — BR! z

— @)@ ((U’f)Tﬁk)_1< ! >+0(5,3) Ly, (0F) ((17’“)”7’“)_1< : )

z z

~~

T1 T2
(29)

By definition |7} I(z) = (ﬁk)((ﬁk)Tﬁk)*l < i ) Under the strong poisedness condition, we have
V' Ni max,ep ||[1(z) || < A. Therefore,

E(ITIP] = E[IEHI) 1P < TMENS1P]-E[1L(:) 2] < 4= ElIE]?]
1T | = [ Lnxml(2) | = vm 1, 1(@)] < VN vm [ 1(2) || < Av/m.

From the Markov’s Inequality, there exists a constant C' such that

P (1) = (B 2 = (BEO)T || 2 kepAF, ¥z € BXY, ) N X | Ficr)

IN

P (73] + C AZIT3]| > kA2, ¥z € B, Ap) N X | Fia )

IN

P (I71]] > (5ep — CAVm)AZ, Vz € B(X*, M) N X | Fiy)

E [||T1]] < AE[||]7]
(ef — CAVM)28" = Ni(kioy — CAm)26
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Therefore for any 0 < a < 1, there exists a constant x.y > 0, when N > 0(6,;4me_f2a_1), the
statement (b) holds. O

We need the following lemma for the proof of Proposition [0

Lemma 17. With a finite index set 7, for each j € J, suppose h;(-) : Z C R®™ — R is a smooth
convex function on a compact set Z. Let h(z) £ maxjey hj(z). Forany z € Z, A(z) £ {j € J :
hi(2) > h(2)}, Ac(2) £ {j € T : hj(2) > h(z) — €} for any € > 0, and L; = max{ || Vh;(2)| :j €
J,z€ Z}. Forany z € Z, any 0 > 0, any z' € B(z,d) and any € > 2L;0, we have A(z") C A.(z).

Proof. For the max of convex functions, this lemma establishes the relation between the active
index set A(z') and e-active index set A.(z) for any z’ C B(z,4) with an appropriate choice of e.

Specifically, for any z € Z, any § > 0 and any 2’ € B(z,0), we have for each j € A(z'),

hy(2) = (=) = h(=) + h(=") — h(=) + hy(=") — hy(=") + hy(2) = h(z) — 2L8,
Hence j € A.(2) and A(z') C A.(2). O
Proof of Proposition [9]

For each (2%, W), letAsi 2wt — %(:L‘Z) and the residual of LLR model is e £ i — (BR1)Tgi —
(BFO)T = ap(a?) — (BR) Tt — (BMO)T 4 ¢t For any z € B(z¥,6;,) N X,

£ = £ | < | Belh(ab(z) +8)] = 3 S h(z(z) +&)|
| TN B () + ) — e S bz mi (e, ) |
[ Belg(e () +8)] - 2 S gz () +¢7) |

" ‘ NL’“ vazkl 9(z,9(2) +€) = N%c vazkl g(z, my(z, 7)) ‘

()| + (=) +200 max l4(z) — (BM) Tz = (BT
ZEB(Xk,Ak)ﬂX

IN

where

Ti(2) £ Eelh(z,9(2) +8)] = Jp Xith hlz,9(2) + ),
&(z) = Beg(z,9(2) +8)] = 5 Xithy 9(z,9(2) +¢7),

and L, is the Lipschitz continuous modulus for functions h(z,-) and g(z, ).
Consider the stochastic process Fj given Fj_1.

P (1£(2) = fu(2)| = kAR Wz € BRF AN X | Froa )

1 ~
< P (Tk(2)| > gmefA,?,Vz e B(XF,Ap)NX | fk_1>
1 ~
+ P (lﬁk(zﬂ > gl@efA]?,VZ € B(Xk,Ak) NX | fk_1>

~ ~ 1
L (20 max () — (BT i (BMO)T | 2 hgAZ | Fea | (30)
2€B(Xk,AL)NX 3
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Since {¢’} are iid samples of the bounded random variable &, the Berry-Esseen Theorem implies that
with the rate O(1/v/Ny), we have /Ny, 7 (2) 4 N(O, Vi(2)) where Vi (2) = Varz (h(z,9(2) + €)).

Similarly, with rate O(1/v/Ny), we have v/Ni & (2) -5 N(0,V, 4(2)) where Vy(z) = Vars( (z, w( )+
€)). Moreover, with Propoaition there exists a constant k. > 0, when Ny, > max{0(5 Kef Y, O(a=2)},
each term on the right-hand side of ( . is bounded by «/6. Therefore, we establish part (a).

For part (b), we denote d,h(x,w) the y-subdifferential of the convex function h for any v > 0, i.e.,
Oyh(z,w) & {(q1,¢2) € R™P s h(a',w') 2 h(z,w) + ¢l (2 = 2) + 45 (0" —w) =7}
The 7-directional derivative of h(x,w) with the direction (di,ds) € R™TP is defined as
hl((z,w); (di,d2)) £ max{d{ q1 +d3 g2 : (q1,¢2) € Dyh(z,w)}.

Moreover, we denote an y-approximate directional derivative based on the ~y-subdifferential by

Xe(z).

2| mmn ( Ve(r)Td+ Bz [h((z,0(x) + 8); (d Vib(x) Td)] ) | "
! eniex \ L B9 (2, 9(x) +2); (d, V() Td)) ], |

Let k1 £ 2kef - max{ | Vhj(z,w)| : j € J,(z,w) € X x Q} and & £ k1672 For any z €
B(z*,6;r) N X, let dj, be the optimal direction in defining Xz, (z). Then

x(@) = xp(z) < Xeu(®) — xi(2)
B Ve(z)dy + Ez [hl, ((z,9(2) + €); (dy, Vip(2) " di))]
< fk,(f'?? dy) — _ _
+E:g’ ((z,¢(x) +8); (dy, Vip(z)" di))],
1
— m ‘

—E~[ o (@ 0(@) +8); (di, V() Tdi)) + 97 (2,9 (@) + &); (di, V(@) ' di)) |

(h (@, € ) (g, (BE)Tdy) + g' (2, mal, €™4)); (dp, (B Tdy)) )

= () + me2(x) + Y1 () + Yr2(2),

where

M (2) 2~z |1, (@ 0(2) +2): (d Vo) i) ) | +*Zh (o 0(@) +21): (A V(@) )
1 .

ma(x) £ 1 Z (2, (@, €9)); (dy, (BPHT Zh ( 51);(Jk,w(x)wk)),

Ny,
(@) £ B [y ((0,0(0) + 2 (@, Vo) )] + - D9 (0,0(0) + )i (Ao, (0T )
=1

Yro( Zg z,my(x, e )); (dy, (BMY) Tdy)) — *Zg'((%wf) +e"); (di, Vip(z) T dy)).



By the Berry-Esseen Theorem, since £ is a bounded random variable, we can derive that v/ Ngng1 (z)
and /N1 () converge in distribution to a normal distribution with the rate O(1/+y/Ny) uniformly
for all z € B(z*, 5k) N X. We then bound ng2(z). From Proposition [8} for any 0 < a < 1, for any
Ni, > max{O(d, Kegz) O(a_Q),O(élfmja_l)}, we have

| w(@) = BEYTw = (BT || < nep A2,
P ” ‘J’-’k >1-a/s. (32)
| Vo) — BE| < megr Vo € BRE, A0 X

Based on the definition, we know that
he, ((z,(x) +€); (di, Vip(2) Tdr)) = max {d] q1 + d}, Vip(x) g2 : (q1,@2) € De, h(w,p(x) + &)},
B ((z, (@, €54) ); (di, (B Tdy)) = maX{ﬂfh +d] BM ga : (q1,42) € O (, my(x, ) )} -

For the max of convex functions, it is known that Oh(z,w) = conv{Vh;(z,w) : j € A(z,w)} and
conv{Vh;(z,w) :j € Ac(z,w)} C Och(x,w) for any € > 0. Since

Hd) + & — my(z

‘ < H w Bk 1) B (ék,O)T H + H w(xz) i (ék,l)Txi N (ék,O)T H ’
from Lemma 5, under the condition that the event in holds, for any x € B(z*,6,) N X
Az, myp(x, ")) C A (z,90(x) +€) Vi=1,...,Np.

Hence, under the same condition, for any x € B(z¥,d;) N X, we can derive that

Ny
1
Ne2(z) < Nk Z JeA max {dk Vihj(z, my(x, e* ))—i—dTBlegh (x, my(, P ))}

- z,my (z,e5:))
Ny

=1 JEAEk ({E,’LZ}(I)JrEZ )

Ny

< 1\17k 2 max HVlh (z,mp(z, ")) — Vih;(z, ¢(z) + ))H
%& mavs || (B) Vo my(e, €54) — V() Vaye,0(a) + )|
<2(LiLs+ Ls) max Hw — (B*Y) Tz — (BRO)T H + L] Vp(x) — BR|.

2€B(@*,6;)NX
For the term vg2(z), we derive for any x € B(Z*, ;) N X,
o) = [ ik [—g' (@ 9(@) + ) (dp, V()T di)) + g (@, my(x, e™); (di, Vib(a) " dy)) ]
+3- i [ —g'((w, mi(w, e5); (dy, V(@) dp)) + g'((, mp(, eF0)); (dg, (BET dk))}

< 2L+ LiLs) max Hw —(BMY) T — (BROYT H 4L H Vip(z) — BRI
x€B(T*,61)NX

where Li is the Lipschitz continuity modulus and Lo is the Lipschitz gradient modulus of the
function g. Now we can combine the bounds of 7y 1, k.2, Vk,1, and ;2. Consider the stochastic
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process Fj given Fj_1. With Proposition EI, there exists a constant k.q > 0, such that for any
Ni. > max{O(5; 'k 2a™t), O(a™2)}, we have

P (x(z) — xk(2) > KeaAr, Vo € B(Z*, Ap) N X | Fr_1)
< P (Ree(®) = Xk(®) > Keal, Vo € BEF, A) N X | Fr)
< P (g (x) + me2(x) + o1 (2) + Ym2(2) > KeaAg, Vo € BEF, M) N X | Fr1)
< P(mia(@) = 2 kealp, Vo € B(@*, Ap) N X | Fi1) + P (mio(z) > 5 KeaAr, Vo € B@F, Ap) N X | Fioq)
+ P (ver(2) > § Keali, Vo € B@EF, Ap) N X | Fr1) + P (ye(@) > § KeaAi, Vo € BZF, Ap) N X | Froy)
< 13-3,

which establishes part (b).

Combining the results in (a) and (b), we have for any 0 < « < 1, there exists a constant vector
K = (Kef, Ked), for any Ny > max{O(d, “edQ 1), 0(s;, 4/16}2) O(a~2)} we have

P (’ f(@) = Fi(@) | < ke AZ, X(2) — X0(2) < Kea Ak, Yo € BE*, Ap) N X | ]:k—1> >1—a,
which establishes the statement. O

Proof of Proposition The proof of this result is similar to Theorem 4.11 in [9] except that
| V£(Zk) || in the last reference for smooth functions need to be replaced by x(z*), the nonsmooth
counterpart. Due to this change, we present the proof with several modifications here.

Define the random function ®; = Vf()?k) + (1 —v)(AZ — Ag) where v € (0,1) satisfying
4 2 4 2 2
> max {2 T (33)

where Cy and Cj are defined in Lemma [I1] and Lemma[I3] The goal of the analysis is to show that
there exists constants 7 > 0 such that for all k

E[®py1 — P | Froi1] < —7AZ < 0. (34)

Since f is bounded from below by assumption, and Ay € [0, dmax], Px is bounded from below for
all k. By summing over the above inequality over k and taking expectations on both sides, we can
conclude that Y 7 j Ay is finite almost surely. To show holds for every iteration, we discuss 2
cases depending on whether x(z*) > (4, or not, where

4'L€ef 5max }

€ > Omax Ked + Max {7727
Kdep(1 — 1)

Within each of these cases, there are 4 combined outcomes of the event I, and Ji as defined in
Definition [3| and [b| with different probabilities. For each outcome we develop an upper bound of the
difference ¢p11 — ¢ where ¢ denotes the outcome of ®. Then we bound E[®y 1 — §f | F—1] by
combining the bounds of 4 outcomes, which results in for all iterations. We only analyze one
case that x(z¥) > (4 to obtain , since the analysis of the other case can be completed with
similar modifications based on the proof of Theorem 4.11 in [9].
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We first analyze ¢ 1 — ¢, for successful and unsuccessful iterations respectively. For all successful
iterations, xpy1 = xp + S and Oy = v I with v > 1, hence,

Grr1 — ok = v(F@) = F@) + 1= 1)(7? = D& + (1= v)(L =) (35)

For all unsuccessful iterations, xy+1 = xy and dx1 = O /7y, hence

¢k+1_¢k_(1_y)(,y12_1>6k2+(1_1/)<1_i)5kéb1~ (36)

We now analyze the case when (z%) > ¢ .

(a) I, and Jj, are both true, i.e., the model fj, is K = (Kef, Keq)-fully linear and the estimates vy, and

AKey

U412 are ep-accurate. With n; € (0,1), we have X(ZF) > (Keq + o ) Omax 0. So the condition
cp

in Lemma [11] holds, and the trial step s lead to a decrease of f such that

F@"+s5) = f(@) < —C1x@") b,

2Kdep Kef
(4l€ef + Ked Hdcp) 5max

where C] & as defined in Lemma Moreover, since €p < k. and

o~ ~ 4’</8 5maX
e (@) > X (@) = Kea O > (€ — Keg ) O > max {772, f} Ok,
Kdep(1 — 1)

the condition in Lemma holds. Hence k-th iteration is a successful, i.e., ZFt! = 2% + s* and
0k+1 = ¥ 0. This indicates that

Fr1 — ok < —v CLx(@) 0 + (L =1)(7* = 1) 67 + (1 = v)(1 = 7)dk £ ba. (37)

(b) I is true and Ji is false, under which Lemma holds. If the iteration is successful, we can
obtain . If the iteration is unsuccessful, we can obtain . The right-hand side of is
strictly smaller than the right-hand side of , ie.,

1 1
by — b1 < —V01C(5,3+(1—V)(5k2 <72_’y2> + (1 —v)d <7—’y> <0,

4 2
when 1 Y > 077( Therefore, whether the iteration is successful or not, (36 holds, and we have
— X
1 9 1
ki1 — o < (1—-v) $—1 e+ (1 —v) 1—5 Sk (38)

(c) I is false and Jj, is true. If the iteration is successful, since Lemma 13| holds with the condition
on €r, we have

FER) = (@) < —Ca8g,

Rdcp

5m ax

with Cy £ 1112 — 2¢p. Hence, in the case when the iteration is successful, we have

b1 — o < V02 + (1 —v)(v* = 1) 62 + (1 —v)(1 — )0k = bs.
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v 4~2

> .
1—v = Oy

If the iteration is unsuccessful, we can obtain (36)), which is strictly larger than b3 as
Therefore, whether the iteration is successful or not, (36| holds, and we have

b= <(-0)(-1) a2+ -0 (1-1)a (39)

(d) I and Jj are both false, which can cause the algorithm to accept a bad step and lead to an
increase in both f and 4. This part differs from the analysis in [9] due the nonsmoothness of the
function h.

@+ %) — f@*) = (@ +s%) — (@) + Bz [g(@* + %, (@F + s%) + &) — g(@*, 9(a*) + )]

TE: [xjng;c{hj@k 5,03 + 5 +2)) - max{ly (7, 0@) +2))

Since both ¢ and g are smooth functions with Lipschitz gradient modulus Ly, by the Taylor’s
expansion, we have

1 L
(@ + 55 — (@) < Ve@" + %) Tsp + 5[/2 6F < Lyoy, + 725137 (40)
and for each realization ¢,
9@ + 8" (@ + ") +e) — (@, Y (@) +¢)

< Vig(@* + $* (@ + 55) +2) 75+ Vo g7 + 5 6@+ 50) + )T (0(E +5) - 0(E))
L N g 12 L
+ 2 ||e@ ) —w@h ||+ S

L12 Lo+ Lo
2
where the last second inequality is derived from the Lipschitz continuity and Lipschitz gradient
property of g and 1. Now we bound the nonsmooth part involving max;ec 7 hj(z,w). For each

realization €, since h; are convex functions, we have

< Ly(1+Ly) 6 + o7 (41)

glea}({hj(a’f +sF p@E + ) +e)) - r]nea}c{hj(fk,w(f’“) +e)}

~ ~ L . N L
<al s +af (WE"+55) — @) + 5 @+ ) —v@h) |+ S
L2Ly+ L
< Lyl L) G+ 2022 52, (42)

where g1 € O1h(Z* + s*,Y(@* + s¥) + ), g2 € Doh(TF + sF,(T* + s¥) + £). Hence,
2L32 Ly + 3L,

f(@"+s%) — f(@*) < (L1 +2LY)o + 5 5.
2L% Ly + 3L
If the iteration is successful, with C3 = (3L +2L2), Cy = 122C+32 and x(2*%) > ¢ 6y, we have
b4t — ok v O30 +v Cax(@) o + (1= v)(v* = 1) 6 + (1 = »)(1 = 7) k. (43)
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If the iteration is unsuccessful, we can obtain (| , which is strictly smaller than the right-hand

side of . as

Now with the bounds of the differences ¢y41 — ¢y for all 4 outcomes of {1, Ji}, we have

. Therefore, whether the iteration is successful or not, . holds.

E @441 — Pp | Fr—1]

<af [-vOIX(X) A+ (L =) = 1) A7 + (1= 1) (1= )A]

Ha(l—B) + B(1 - a) [(1_y) 712—1>A,§+(1—u) (1_7)@{]

+(1 = a)(1 = B) [V C3Ax + v Coix(X*) A+ (1= v)(1? = DAZ + (1= 1) (1= 7) Ay
= (—vaBCi+(1—a)1=B)vC) x(X*) A+ (1 —a)(1 = BrCs A,

; (aﬁ - =B+ (L- ) + (- )1 - m) (1—0)(r? — A2

_ (w—i(au CB) 4+ (1-a)f) +(1- )1 —m) (1—0)(y — DAY
Since

08 = Z5(a(l = )+ (1=a)f) + (1= a)(1= ) < (a+ (1 =)+ (1-5)) = 1

af — '1y (@1=B)+(1-a)f)+(1-a)(1 =) = (a=(1-a)(B—(1-p) =(2a-1)(25-1),
we have
E [ry1 — Bk | Fro1] < (—aBC1+(1—a)(1=B)Ca) vx(XF)A,+ (1 —v)(y? - DA]
+(1=a)d =Bl — (20 —=1)(26 —1)(1 —v)(y — 1)) A
By choosing parameters a and S close to 1 satisfying

B — % Ci (2 —1)(28 — 1) v O3
ot g-o ™ Tau-9 20901 4y

we have

1 1
E [®py1 = Pp | Fie—a] < (-201’/( +(1=v)(y® - 1)> Af < —Civ (A,

4 2
> —— from . Similar bound can be derived for the

v
where the last inequality is due to T

CCh
case x (%) < (6. By summing it up for all iterations, it can be proved that > ;2 A,f < 00 almost
surely. O
Proof of Theorem [15| .. As an extension of Theorem 4.16 in [9], we can derive the liminf con-

vergence result that liminfg_, X(X k) = 0 almost surely under the assumptions in Proposition
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We omit the proof for this liminf convergence result since it only needs to replace ||V f ()/f k)| in the
proof of Theorem 4.16 [9] with x(X}).

Regarding the convergence result that limy_, X()? k) = 0 almost surely, its proof is similar to the
proof of Theorem 4.3 in l2], except that we need to make some modifications based on x(X*).
Suppose that limy_,o x(X*) = 0 does not hold almost surely. Then with a positive probability,
there exists e > 0 such that x(X*) > 2¢ holds for infinitely many k. For any e > 0, define a
sequence of random variables { K.} consisting of the natural numbers & for which X()?k) > €. Then
> ke{k.} Dk < 0o almost surely by following the proof of Lemma 4.17 in [9] replacing IV (X0

with X()A(k). We are going to show if such € exists then Zje{Ke} A; is a divergent sum, and hence,

we must have limy_, o, X()? k) = 0 almost surely.

Since lim infy_, o, X()A( k) = 0, there are infinitely many intervals of integers with a positive probabil-
ity, such that each interval {W’ +1,... , W"} satisfies: 0 < W' < W”, X()?W/) <, X()?W/H) > ¢,
X(XW") > 2¢, and for any integer w € (W, W”), € < x(X*) < 2¢. Let {(W/, W)}, be an infinite
sequence of such intervals. Let (w).,w!") be the realization of (W/, W/).

" 1"
wy,—1 wy, —1
/

e<x@) = x@) = D (X@EH) = x(@)) £ 3 Ruan @ - @), (45)

—ap/ —ap!
k—’LUT k_wr

with L £ 2L1(L; + 1) and X(Ls,)(®) is defined in (31). From Lemma H with the definitions of
active index sets A(z,w) for the max function h(z,w), for almost every e, A(Z*,¢(z*) + &) C
A(Lgk)(fﬁkﬂ,l/)(ka) + ¢). Furthermore, let dj, be the optimal direction in defining )?(L(;k)(fk“),
then we have

Ries (@) = (@) < /(@5 dy) — Ve(@H) Td)
Bz | hips (@, 0@ +2); (d Vo @) Tdy))|
—Eelg’ (1, w(@ ) +2): (di, VOEH)T d))]
< 2Ly Ly + L) || 75 = 3* || 4+ Bz [0(@, (@) +2); (dy, VH(@) 1)
Bz [ h{p.g,) (@ 0@ +2): (d VOEH) T )|
Since A(Z*,¢(Z%) + ) C A (s, (", (@) + €), we have
Ez [h'((3*, (@) + 8): (di, VO(E) Td0)) = hip.g) (@ 0@ +2); (dn, VO@E)Tdy) )|
< Br [maxjeq || Viky (@, 9(3) +8) = Vik @, (@) +2) ]

+Ez [maxjey || Vi (3%) Vah; (3%, 9 (&%) + &) — Vo @) Vahy (@5 (@5 + 8) |||
< LD Hi}k-i—l _ =k H ,
for some Lo depending on Ly and Lo. This indicates that xrs,) (") — x(@%) < L' || 2 — z* ||
with L' = Lo + 2(Ly Ly + L2). Combining with , we derive that for any [,

w/'—1
I/ Z kaﬂ _5:\kH > e,
k=W,
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which yields that (K A = oo almost surely, thus contradicts the initial assumption. Hence

we have limy_,+ x(X¥) = 0 almost surely. Furthermore, by Lemma 11.1.2 in [I1], this implies that
the sequence produced by the CLEO algorithm converges to a directional stationary point almost
surely. O

35



	Introduction
	Problem setting
	Literature review

	The CLEO algorithm
	Notations
	LLR models
	TR models
	CLEO algorithm

	Convergence analysis of the CLEO algorithm
	Probabilistically fully linear property of a TR model
	Convergence analysis to a d-stationary point

	Numerical experiments
	A synthetic nonconvex problem
	Joint production and pricing problem
	A pricing problem for hotel rooms

	Conclusions
	Appendix

