Stochastic programming: Approximation via scenarios

Jitka Dupačová Department of Probability and Mathematical Statistics Charles University Sokolovská 83, 18600 Prague, Czech Republic

28. 1. 1996

Abstract

We shall survey and classify various ways of approximation of the true probability distribution by a discrete distribution concentrated in a finite number of atoms, called scenarios, which occur with preassigned probabilities. Resistance of the numerical results with respect to the choice of scenarios and/or of their probabilities and also the relation between results obtained for the selected scenarios and those valid for the true underlying distribution are of a great practical interest. We shall discuss these questions bearing in mind the diverse origin of scenarios that puts limitations both on the choice of suitable approaches to the analysis and on the obtained conclusions.

Keywords and phrases: Stochastic programs with recourse, generation of scenarios, postoptimality and stability.

1 Introduction

Stochastic programming deals with optimization problems in which uncertainties are modeled via explcitly spelled out random parameters. It originated in the late fifties, cf. seminal papers by Beale [1], Dantzig [16] and 1

Charnes and Cooper [12]; some low dimensional examples of stochastic programming can be traced even in earlier papers on inventory, maintenance, etc.

A frequent requirement is to find a decision before the values of realizations of the random parameters can be observed, i. e., using only the available information about their probability distribution. The general formulation of such stochastic programming problems, cf. [98], reads:

Minimize Ef_0(x, ω) (1) subject to E{f_i(x, ω)} ≤ 0, i = 1, . . . , k E{f_i(x, ω)} = 0, i = k + 1, . . ., k + r x ∈ X (2)

where ω is a random parameter with support Ω, probability distribution P_0 and the corresponding expectation E = E_{P0} , X is a given nonempty closed set, f_0 : R^n × Ω → R^1 ∪ {+∞}, f_i : R^n × Ω → R^1 are given functions. A typical, even though not quite realistic assumption is that the probability distribution P_0 is known (decision making under risk) and independent of the decision x. The existence of expectations in (1), (2) for all feasible decisions x ∈ X is guaranteed by special assumptions from case to case; see also [98] for general properties of expectation functionals. The above formulation looks like an ordinary static deterministic program whose objective and constraints are of the form of expectations. The main stumbling block for its algorithmic solution is the necessity to compute repeatedly at least the values of the multidimensional integrals of the involved functions, which themselves need not be defined explicitly. To overcome this problem various approximation schemes, both stochastic and deterministic ones, were designed; see for instance [5, 58, 59, 82, 97] and the references therein. One can replace the functions f by simpler ones or to approximate the true assumed probability distribution P_0 or both. The goal is to get a numerically tractable optimization problem, or a sequence of such problems, whose solution would be acceptable as an approximation of the solution of the true underlying problem.

We will not discuss the ways how to approximate the functions f, cf. for instance [4, 6, 94]. For approximation of the true probability distribution P_0, one should certainly use the structure of the problem and also the available information about P_0 that comes from theory, historical data and experience.

There are relatively many prospects if the approximation of P_0 reduces into the approximation of one-dimensional probability distributions: Besides of an approximation by a discrete distribution, one can use piecewise uniform distributions [1, 96], or approximate the density by kernel estimates [42, 43], etc. In the multi-dimensional case, approximation by discrete distributions is the prevailing approach. It means that the true distribution P_0 is replaced by a discrete distribution P concentrated in a finite number of points, say, ω_1, . . ., ω_S with probabilities p_s > 0 ∀s, ∑_S s=1 p_s = 1 that enter the coefficients and/or the functions in a known way. The atoms ω_s of the distribution P are called scenarios.

The origin of scenarios can be very diverse; they can come from a truly discrete known distribution, can be obtained in the course of a discretization/approximation scheme, by simulation or by a limited sample information, they can result from a preliminary analysis of the problem with probabilities of their occurence that may reflect an ad hoc belief or a subjective opinion of an expert.

Naturally, one is interested in results for the true underlying problem; as we shall see, this is not always possible. The next item is robustness of the obtained approximate optimal solution and optimal value: The procedure should be robust in the sense that small perturbances of the input, i.e., of the chosen scenarios and of their probabilities, should impair the outcome only slightly so that the obtained results remain close to the unperturbed ones and that somewhat larger perturbations do not cause a catastroph. The importance of robust procedures increases with the complexity of the model and with its dimensionality.

We shall deal with stochastic programs (1), (2) that can be reformulated so that the expectations appear only in the objective function:

Minimize F (x, P_0) := E_{P0} f(x, ω) on the set X ⊂ R^n (3)

and we shall confine ourselves to approximations of the true distribution P_0 by a discrete distribution P carried by a finite number of scenarios. Scenario based two-stage stochastic linear programs known also under the name stochastic linear programs with recourse belong to this class. Their generic form that corresponds to the formulation (3) reads minimize E_{P0} { c(ω)^⊤x + Q(x, ω) } on the set X = { x ∈ R^{n1}_+ : Ax = b } (4) with the recourse costs Q(x, ω) defined for a given x and ω as the optimal value of the auxiliary second-stage program

minimize q(ω)^⊤y (5) subject to y ∈ R^{n2}_+ that satisfy W (ω)y + T (ω)x = h(ω).

For a discrete distribution P carried by a finite number of scenarios, (4), (5) can be rewritten as a large linear program

minimize c^⊤x + S∑ s=1 p_sq^⊤_s y_s (6)

subject to Ax = b T_1x + W_1y_1 = h_1 T_2x + W_2y_2 = h_2 . . .. . . . T_S x + . . . + W_S y_S = h_S (7) x ≥ 0, y_s ≥ 0, s = 1, . . ., S, where ω_s = [q_s, T_s, W_s, h_s], s = 1, . . ., S are scenarios or atoms at which the probability distribution P is concentrated and p_s ≥ 0, s = 1, . . . , S are their probabilities, ∑ s p_s = 1. Given scenarios and their probabilities, (6), (7) is nothing else but a large linear program of a special structure. The scenario independent first-stage solutions x ∈ X are compensated by scenario dependent second-stage solutions y_s such that the total expected cost of the two-stage decision procedure is minimal. The optimal value and the optimal solutions x^∗, y^∗_s ∀s depend on the choice of scenarios. Modifications of scenarios influence in general the whole large linear program (6), (7) so that classical postoptimality techniques known from linear programming are tractable only exceptionally. This illustrates the importance of designing proper scenario generation procedures and the necessity of a detailed analysis of the impact of the chosen scenarios on the sought output of the chosen approximation of the underlying problem.

The same applies to scenario based multistage stochastic linear programs with recourse: Minimize

c^⊤_0 x_0+ K2∑ k2=1

p_{k2} c^⊤_{k2} x_{k2} + K3∑ k3=K2+1

p_{k3} c^⊤_{k3} x_{k3} +. . .+ KT∑ kT =KT�1+1

p_{kT} c^⊤_{kT} x_{kT} (8) subject to constraints

A_0x_0 = b_0 B_{k2} x_0 +A_{k2} x_{k2} = b_{k2} , k_2 = 1, . . . , K_2 B_{k3}x_{a(k3)} +A_{k3} x_{k3} = b_{k3} , k_3 = K_2 + 1, . . ., K_3 .. . . . . . . B_{kT} x_{a(kT )} +A_{kT} x_{kT} = b_{kT} , k_T = K_{T −1} + 1, . . . , K_T (9) l_t ≤ x_{kt} ≤ u_t, k_t = K_{t−1} + 1, . . . , K_t, t = 1, . . . , T based on scenarios, i.e., on finitely many sequences of considered realizations (c_{kt}, A_{kt}, B_{kt}, b_{kt}) of the random coefficients in the objective and in the constraints for the stage t, t = 2, . . ., T and on the path probabilities p_{kt}

of subsequences of these realizations, p_{kt} > 0 ∀ k_t,^{Kt} ∑ kt=Kt�1+1

p_{kt} =

1, t = 2, . . . , T that identify the discrete distribution P . The probabilities p_s of individual scenarios ω_s are equal to the path probabilities p_{kT} , k_T = K_{T −1} + 1, . . ., K_T . In program (8), (9), x_{k1} ≡ x_0 denotes the first stage decision variable, K_1 = 0 and a(k_t) denotes the immediate ancestor of k_t, so that a(k_2) = k_1 = 0, k_2 = 1, . . ., K_2.

Clearly, the number of scenarios is a crucial factor from the point of view of the size of the linear program (8), (9) and its numerical tractability. The input information that leads to (8), (9) can be represented in the form of a scenario tree or event tree. Each path through the tree from its root to one of its leaves corresponds to one scenario, i.e., to a particular sequence of realizations of random coefficients. The nodes where branching occures correspond to stages and they are indexed by k_t. In our notation, the root is indexed by k_1 = 0, there are K_t − K_{t−1} nodes indexed by k_t = K_{t−1} + 1, . . . , K_t for the stage t (with K_0 = K_1 = 0); particularly, the K_T − K_{T −1} leaves indexed by k_T correspond to scenarios. For each node of the scenario tree, an entire set of decision variables is introduced; for instance, the vector of the first-stage decision variables x_0 corresponds to the root and subvectors x_{kt} of the tth stage decision variables are assigned to the nodes k_t, respectively. In each of stages, the subvectors of decision variables exploit only the information that comes from the previous stages (preceding nodes of the tree) and the choice of decisions which are based on the available past information and which at the same time allow for the continuation of the decision process in the subsequent stages is one of positive important features of multistage stochastic programs. The purpose of this paper is to survey and classify various approaches to scenario generation (Section 2) and to give an idea about the methodological advances developed for stability and postoptimality studies for the scenario based approximate problems (Section 3).

2 Scenarios and their generation

We have introduced scenarios as the atoms of the discrete probability distribution P that is used to approximate the underlying probability distribution P_0. Correspondingly, the primary aim of scenario generation is to represent the distribution P_0 in a reasonable way. This is an ambitious task in which compromise is needed between precision of the approximation and the size of the approximate problem, which, moreover, often requires a specific form of the input (e.g., a scenario tree for multistage problems). The origin of scenarios can be very diverse. It is problem specific, their generation should reflect both the problem structure and the available information about the underlying probability distribution. To generate them it is natural to use historical data (if any) in conjunction with an assumed background model, to apply suitable estimation, simulation and sampling procedures and also to reflect the opinion the experts based on their experience, heuristics, etc. These are the reasons why generation of scenarios cannot be reduced solely to forecasting future development of the complex system under consideration.

Concerning the level of the available information, we can distinguish four types of problems:

2.1 Full knowledge of P_0. The distribution P_0 is fully specified, hence, the scenarios can be obtained by sampling from this distribution or by application of a discretization or simulation scheme. Related to the chosen approximation technique, there are various possibilities how to draw conclusions about the optimal solution of the original problem. In its pure form this situation appears mostly in the context of testing the designed models and/or the performance of newly developed solvers; this is the case of the first papers [1, 16] as well as papers surveyed in [62]. The assumed fully known distribution (mostly normal [10, 95], uniform [76] or discrete one) may stem both from a theoretical model and, similarly as in 2.4, from an experience of an expert.

2.2 Known parametric family. The given parametric form of the distribution P_0 should be preferably based on a theoretical model and the parameters of the distribution are to be estimated from the available data. The choice of the parametric form of the probability distribution or of the stochastic process corresponds to the choice of model, the estimation of parameters to calibration of the model and a subsequent simulation, sampling or discretization procedure follows similarly as in 2.1. An example is sampling from the estimated model for loads and water quality in [92]. This type of information appears frequently in stochastic programming problems in finance and water resources management and planning, partly due to the fact that the relevant stochastic models of interest rates and assets prices or those of water inflows came to the attention relatively early and have been well developed and supported by historical data. At present, it seems to be an increasing interest in building appropriate models for distributions of demand, e. g. [10, 45].

One of the first applications was described and exploited already in [8, 9]: An estimated distribution of changes of one-year interest rates on good grade municipal bonds is used to forecast (conditional) changes in the 20 and 30 years rates and to forecast the future yield curves. Scenarios correspond to a discrete approximation of the obtained normal distribution concentrated at three points (suitably chosen quantiles). Yield curves are fitted for each branch of the obtained scenario tree and used to get the input coefficients of the designed model of the type (8), (9).

Similarly, historical data on long term and short term interest rates for government securities together with the random walk model of their changes are used to simulate logarithmic yield curves and, consequently, the corresponding empirical distribution of the terminal debt (cf. [22]). Moreover, in financial models there is often only one prevailing one-dimensio-nal random factor; for instance, the short term forward interest rate with its evolution in time serves as the underlying random phenomena which determines the values of prices, of holding period returns and of other coefficients in bond portfolio management models. Various stochastic models of interest rates, based on random walk hypotheses, were developed; the examples are the diffusion process [14] or the discrete binomial process [7]. Parameters of these models (variances or volatilities, base rates, etc.) are fitted to the observed data. The subsequent non-trivial sampling and simulation procedures have to reflect several contradicting requirements: The number of scenarios is limited because of the numerical tractability of the problem, the precision of the approximate optimal solutions is important and at the same time, the tree structure of the information cannot be forgotten. Applications of this approach are reported in [33, 34, 47, 48, 51, 77, 99, 100, 102]. It is necessary to say that the sampling procedure may destroy the postulated non-arbitrage assumption which is behind the interest rate model [24, 65] and that the historical data are not always satisfactory for various reasons; the case of non-equilibrium market or existence of change-points are two examples. Even in such situation, an additional expert knowledge can help to build sensible scenarios.

The above models can be extended to the case of several intercorrelated random factors whose behavior is modeled by diffusion processes: cf. interest rates and exchange rates considered in [50], interest rates and inflation in [70].

Monte Carlo simulation is often used in the last step of the scenario generation procedure. For instance, nonlinear constrained regression model is used in [15] to estimate the parameters of a chosen parametric discount function and, at the same time, to estimate the corresponding term structure of the forward rates in such a way that the difference between actual market prices of the bonds and prices implied by the model is minimal. The short term interest rate scenarios result then from Monte Carlo simulation based on a lognormal model with a mean reversion term that forces the simulated rates to stay within historically acceptable limits and they are used again to evaluate the coefficients of the stochastic programming model. The mean reversion term substitutes the non-arbitrage assumptions which are not present in this type of approach.

Also models of hydrological time series have been well elaborated and a technology of generation of artificial time series of water inflows has been frequently used in practice. The scenarios are simulated according to an autoregression model whose parameters have been estimated from historical data and their significance tested. Such approach is sufficient for two-stage multiperiod models or for the tracking models [20, 21]. In the context of multistage stochastic programs, however, the artificial time series do not provide the scenario tree. This is one of stumbling blocks for model building and for applications. A general idea how to use such type of replicas of time series for construction of scenario tree was suggested in [63], for a specific approach to generation of inflow scenarios see [54].

2.3 Sample information. The available sample information about the true probability distribution is mostly based on observed past data, e.g. [42, 43, 66, 87]. If the data are homogeneous enough, independent, identically distributed, use of the empirical distribution is straightforward. Otherwise, one could think of a preprocessing procedure (e.g. in [42] for electricity demand) or of an adjustment for to get specific values of sample moments

[11, 49, 73]. This applies also to the case of multistage problems provided that the required structure of the input information mentioned in Section 1 is preserved; cf. [13, 49].

Two distribution free procedures for generating forecasts (multidimensional scenarios) of the joint asset returns are suggested in [71, 72]: For a model over T periods, scenarios can be generated by assessing equal probabilities to observed T -tuples of successive past joint asset returns. Another suggestion is to apply principal components analysis to reduce the dimensionality of the random vector and, at the same time, to preserve the correlation structure given by the historical data. Principal components are uncorrelated and their simulated values together with estimated scores are used for generating scenarios, i.e., for generating the future joint assets returns that enter the considered two-stage multiperiod model designed for investment planning. Instead of principal components and scores one can use factors and factor loadings; this has been suggested in [11, 18].

Based on observed data or on sample moments, simple extremal scenarios can be constructed; branching to ”upper” and ”lower” cases and the expected value scenario are typical examples, e.g. [10]. These scenarios are useful also for obtaining bounds for the optimal value; the theoretical background goes back to [56, 69]. See [31, 57, 59, 82] for further references and [39, 78, 79] for applications.

2.4 Low information level. The above mentioned procedures fail if there are no reliable data. Under such circumstances, scenarios and their probabilities are mostly based on experts forecasts (see e.g. [3, 85] for predictions of future economic development, [38] for demand outlooks in production planning or [68] in power generation planning, [81] for optimization of a technological process, [91] for financial models) or even on governmental regulations (e.g., New York State regulation requires 7 specific scenarios to be analyzed when an insurance company proposes changes). Postoptimality and stability analysis of the obtained solutions is crucial even though it is impossible to draw conclusions about the optimal solution of the true underlying problem.

The four indicated groups of the available input information are not strictly distinguishable; just the opposite is true. In most of the mentioned applications one can trace interactions of the four information levels and to use all available information is the best thing to do; cf. [2, 11, 70]. Past information is often combined with experts opinion ([81]) and this is probably one possible origin of the postulated form of the true probability distribution [66]. Different information levels can apply to distinct parameters of the model separately. In portfolio management, for instance, different classes of securities require different treatment, cf. [11, 70], deposits and liabilities can be driven by external factors such as mortality rates, see e.g. [66] and [32], respectively. Similarly, the inflow scenarios in [20, 21] are based on a model fitted to historical data whereas the scenarios of electricity demand are roughly forecasted.

Also the structure of the problem influences essentially the possibilities of an adequate scenario generation. The easy case is the simple recourse problem with random right hand sides for which scenario generation reduces to a discretization of one-dimensional marginal distributions of the random right-hand sides. The most complicated problems are multistage stochastic programs with interstage dependent coefficients. They have been treated mainly for scenario trees designed by experts; for the first ideas how to deal with Markov type of interstage dependences consult [13, 18, 22, 53]. The multistage models with interstage independent coefficients are uncomparably easier but they pay for the simplified generation of scenarios not only by a loss of adequacy but also by an exponentially increasing size. The general strategy of scenario generation is concerned with the number of scenarios to be employed because of the evident trade-off between the dimensionality of the resulting problem and the information preserved; for instance, the number of scenarios reported in a model for expansion planning of a multi-area power system of a seemingly realistic size ([19]) was 5.10^6, a modest discretization of demand for a communication network containing 100 of pairs leads to 5^{100} scenarios [87], portfolio management with mortgage backed securities based on the full universe of the binomial lattice scenarios would mean to use 2^{360} scenarios (see e.g. [51, 100, 102]). Careful non-redundant formulation [40], well elaborated sampling strategies [75, 103], aggregation of scenarios [11], clustering [2], EVPI reduction [23], development of parallel computation techniques [17, 46, 51, 100, 102] and algorithmic procedures that use sampling within the optimization process help to maintain numerical tractability of scenario based stochastic programs; let us mention here the use of importance sampling within the Benders decomposition algorithm [17, 18, 19, 52, 53] and the stochastic decomposition method [44, 87].

3 How to draw inference about the true problem?

Scenario generation and the adjoined problems of stability and postoptimality belong definitely to the areas of stochastic programming that deserve a focused effort both from the theoretical point of view and implementation. To ascertain the effect of the chosen probability distribution and/or of the selected scenarios, results of repeated runs of a perturbed basic model are reported; cf. [41, 47, 66].

Possibilities of drawing conclusions about the optimal solutions and the optimal value of the true stochastic program (3) using the results of the approximate scenario based program depend essentially on the structure of the solved problem as well as on the origin of scenarios. Generally speaking, the output can hardly be more precise than the input and it is easier to answer questions concerning precision of the obtained optimal values than those concerning the sets of optimal solutions. We will not deal with suitable simulation or sampling techniques and their precision neither with possible stopping rules needed for some of scenario based algorithms. We shall discuss briefly the general methodological devices which can be applied to analysis of the scenario based problems that arise as an approximation of the true problem. Again, it is expedient to deal separately with the four basic levels of distributional information as specified in Section 2. As we shall see, there are various approaches ready for possible exploitation. Their application, however, is problem specific and nontrivial and evaluation of their efficiency requires extensive numerical tests and experiments.

3.1 Full knowledge of P_0. If this assumption is true one can exploit efficient simulation or sampling techniques to generate a discrete distribution P_ν which approximates the original one with a prescribed precision, say, d(P_0, P_ν) < ϵ for a suitable distance d of probability measures. The question is how the choosen precision ϵ of the approximation influences the differences of the optimal values φ(P_0) − φ(P_ν ) and the distances of the sets of optimal solutions ψ(P_0), ψ(P_ν ) for the true problem and for the approximate one, respectively. To this purpose, one has to choose the distance d and to apply relevant quantitative stability results, see e.g. [83, 84, 89]. More stringent assumptions concerning the structure of the problem (3) are needed for stability results for optimal solutions; namely, the case of multiple true optimal solutions requires a special treatment. For to be able to translate the assumed closedness of the true and approximate probability distribution to a similar statement for optimal solutions, one mostly assumes a growth condition, e. g.,

F (x, P_0) ≥ inf x∈X F (x, P_0) + α [d(x, ψ(P_0))]^2

for all x belonging to a neighborhood of ψ(P_0) and for some α > 0; for details consult [83, 84, 89].

In a similar way, one can try to answer the question how far is the optimal output from the true one if the true probability measure P_0 has been misspecified. The errors due to misspecification compose with those due to approximation of the misspecified probability measure. Another possibility is to use a contaminated probability distribution to study the influence of deviations from the assumed probability distribution P_0: For another fixed probability distribution P one considers probability distributions of the form P_λ = (1 − λ)P_0 + λP with 0 ≤ λ ≤ 1 so that the considered perturbation is represented only by a scalar parameter λ which enters the objective function in a linear way and this opens various possibilities for exploitation of parametric programming results. For development of the theory under various model assumptions see [26, 27, 29, 30], for an application to scenario based financial planning models see [34].

3.2 Known parametric family means that the true probability distribution belongs to P = {P_θ, θ ∈ Θ} and is identified by an unknown parametr value, say, θ_0 ∈ Θ. The straightforward approach is to estimate the parameter θ_0 say, by θ̂, to generate scenarios using the estimated probability distribution P_{θ̂} and to exploit the quantitative stability results. Again, two types of errors have to be considered - those arising by estimation of parameters (cf. asymptotic results [25, 27]) and errors due to simulation from the estimated probability distribution. An adaptive Bayesian approach which exploits a sample information about the true probability distribution P_{θ0} was suggested in [55] and elaborated for special cases of the two-stage stochastic linear programs with random right-hand sides. An alternative idea has appeared recently: To use simultaneously estimation, simulation and optimization; cf. [86, 90]. It means in our context to start simulation with a rough estimate of θ_0 and to solve the approximate problem without high precision requirements. Then to update the parameter value, generate new scenarios by sampling from the updated probability distribution and to solve the new approximate problem using the former approximate optimal solution as the starting point for the algorithm; etc.

3.3 Sample information about the true probability distribution often leads directly to scenarios. It is used to construct an empirical probability distribution P_ν based on a sample of size ν, the correponding empirical objective function F (x, P_ν), the set of empirical optimal solutions ψ(P_ν ) and the optimal empirical value φ(P_ν ). The asymptotic properties of these estimates, such as consistency, rates of convergence, asymptotic distributions and large deviations have been studied in a host of papers; see e. g. [35, 60], the surveys [27, 98] or Chapter 6 of [86] and references ibid. Again, multiple optimal solutions have to be treated carefully and it is useful to use epi-consistency instead of the usual consistency [64]. For to get non-asymptotic properties one can apply directly inequalities for differences of the true and empirical expectations (e.g., Hoeffding inequality in [61] or more general results by [93] used in [80]) or to rely on the quantative stability results combined with bounds on the distance d(P_0, P_ν) of the true and the empirical probability distribution; see [83] for an outline of the general methodology. An example are inequalities for the Kolmogorov -Smirnov distance which is used, for instance, in [84, 89].

3.4 Low information level corresponds to scenarios designed by experts without any obvious relation to the true probability distribution or to the case when the true probability distribution is known to belong into a nonparametric family of probability distributions identified, e.g., by fixed values of some moments, by a given support or by qualitative attributes such as unimodality.

In the first case conclusions about the true problem cannot be expected; still, it is both possible and important to study the resistance of the output to changes of scenarios and their probabilities, including the impact of inclusion of out-of-sample scenarios; see recent papers [29, 30, 32, 33, 34] which apply results of parametric programming and the contamination technique to these postoptimality studies.

In the second case, one can construct at least minimax and maximax bounds on the optimal value of the true program: min x∈X inf_{P ∈P} F (x, P ) ≤ φ(P_0) ≤ min x∈X sup_{P ∈P} F (x, P ) (10)

Under special assumptions about the family P and about the structure of the underlying stochastic program (3) such as convexity and/or separability of the random objective f(x, ω) with respect to ω , this approach provides the best case and the worst case discrete distributions carried by fully specified scenarios [39]. For further discussions in this direction see [28, 31, 36, 57, 59, 82] and references ibid.

Acknowledgement. This work was supported by the Grant Agency of the Czech Republic under Grants No. 402/93/0631 and 402/96/0420.

References

[1] E. Beale: On minimizing a convex function subject to linear inequalities.

JRSS Ser. B 17, 1955, 173-184.

14 J. Dupačová

[2] J. R. Birge and J. M. Mulvey: Stochastic Programming. In: ”Mathematical Programming for Industrial Engineers” (M. Avriel and B. Golany, eds.), Marcel Dekker, New York, 1996, 543–574.

[3] J. R. Birge and C. H. Rosa: Modeling investment uncertainty in the costs of global CO2 emission policy. EJOR 83, 1995, 466–488.

[4] J. R. Birge and S. W. Wallace: A separable piecewise linear upper bound for stochastic linear programs. SIAM J. Control and Optimization 26, 1988, 725–739.

[5] J. R. Birge and R. J.-B. Wets: Designing approximation schemes for stochastic optimization problems, in particular for stochastic programs with recourse. Math. Progr. Study 27, 1986, 54–102.

[6] J. R. Birge and R. J.-B. Wets: Sublinear upper bounds for stochastic programs with recourse. Math. Progr. 43, 1989, 131–149.

[7] F. Black, E. Derman and W. Toy: A one-factor model of interest rates and its application to treasury bond options. Financial Analysts Journal 1990, 33–39.

[8] S. P. Bradley and D. B. Crane: A dynamic model for bond portfolio management. Manag. Sci. 19, 1972, 139–151.

[9] S. P. Bradley and D. B. Crane: Managing a bank bond portfolio over time.

In: ”Stochastic Programming” (M. A. H. Dempster, ed.), Academic Press, London, 1980, 449–471.

[10] D.-F. Broens and W. K. Klein Haneveld: Investment evaluation based on the commercial scope: The production of natural gas. Annals of Oper. Res. 59, 1995, 195–223.

[11] D. R. Cariño, D. H. Myers and W. T. Ziemba: Concepts, technical issues, and uses of the Russell - Yasuda Kasai financial planning model. Submitted to Oper. Res.

[12] A. Charnes and W. W. Cooper: Chance-constrained programming. Manag.

Sci. 5, 1959, 73-79.

[13] G. Consigli and M. A. H. Dempster: Dynamic stochastic programming for asset-liability management. To appear in Annals of Oper. Res.

[14] J. C. Cox, J. E. Ingersoll Jr. and S. A. Ross: A theory of term structure of interest rates. Econometrica 53, 1985, 385–407.

[15] H. Dahl, A. Meeraus and S. A. Zenios: Some financial optimization models:

II. Financial engineering. In [101], 37–71.

[16] G. B. Dantzig: Linear programming under uncertainty. Manag. Sci. 1, 1955, 197-206.

[17] G. B. Dantzig and P. W. Glynn: Parallel processors for planning under uncertainty. Annals of Oper. Res. 22, 1990, 1–21.

Stochastic programming: Approximation via scenarios 15

[18] G. B. Dantzig and G. Infanger: Multi-stage stochastic linear programs for portfolio optimization. Annals of Oper. Res. 45, 1993, 59–76.

[19] G. B. Dantzig and G. Infanger: Approaches to stochastic programming with application to electric power systems. In: ”Optimization in Planning and Operation of Electric Power Systems” (K. Frauendorfer et al., eds.), Physica-Verlag, 1993, 125–138.

[20] R. S. Dembo: Scenario optimization. Annals of Oper. Res. 30, 1991, 63–80. [21] R. S. Dembo et al.:Managing Hidroeléctrica Española’s hydroelectric power system. Interfaces 20, 1990, 115–135.

[22] M. A. H. Dempster and A. M. Ireland: A financial expert decision system.

In: ”Mathematical Models for Decision Support” ( G. Mitra, ed.), NATO ASI Ser. Vol. 48, Springer, Berlin, 1988, 415–440.

[23] M. A. H. Dempster and R. T. Thompson: EVPI–based importance sampling solution procedures for multistage stochastic linear programmes on parallel MIMD architectures. Submitted to Annals of Oper. Res.

[24] C. Dert: Asset liability management for pension funds. A multistage chance-constrained programming approach. PhD. Dissertation, Erasmus University, Rotterdam, 1995.

[25] J. Dupačová: Stability in stochastic programming with recourse - Estimated parameters. Math. Progr. 28, 1984, 72–83.

[26] J. Dupačová: Stability in stochastic programming with recourse. Contaminated distributions. Math. Progr. Study 27 (1986) 133–144.

[27] J. Dupačová: Stability and sensitivity analysis for stochastic programming.

Annals of Oper. Res. 27, 1990, 115–142.

[28] J. Dupačová: Applications of stochastic programming under incomplete information. JCAM 56, 1994, 113–125.

[29] J. Dupačová: Postoptimality for multistage stochastic linear programs. Annals of Oper. Res. 56, 1995, 65–78.

[30] J. Dupačová: Scenario based stochastic programs: Resistance with respect to sample. Annals of Oper. Res. 64, 1996, 21–38.

[31] J. Dupačová: Bounds for stochastic programs in particular for recourse problems. WP–95–085, IIASA Laxenburg, 1995.

[32] J. Dupačová: Uncertainty about input data in portfolio management. In:

”Modelling Techniques for Financial Markets and Bank Management”, Proc. of the 16- 17th EWGFM Meeting, Bergamo 1995 (M. Bertocchi, E. Cavalli and S. Komlosi, eds.), Physica Verlag, Heidelberg, 1996, 17–33.

[33] J. Dupačová and M. Bertocchi: Management of bond portfolios via stochastic programming – Postoptimality and sensitivity analysis. In ”System Modelling and Optimization”, Proc. of the 17-th IFIP Conference, Prague 1995 (J. Doležal and J. Fidler, eds.), Chapman and Hall, 1996, 574–581.

16 J. Dupačová

[34] J. Dupačová, M. Bertocchi and V. Moriggia: Postoptimality for scenario based financial planning models with an application to bond portfolio management. To appear in: ”World Wide Asset and Liability Modeling” (W. T. Ziemba and J. Mulvey, eds.), Cambridge University Press, 1997.

[35] J. Dupačová and R. J.-B. Wets: Asymptotic behavior of statistical estimators and of optimal solutions of stochastic optimization problems. Annals of Stat. 16, 1988, 1517–1549.

[36] N. C. P. Edirisinghe and G-M. You: Second-order scenario approximation and refinement in optimization under uncertainty. Annals of Oper. Res. 64, 1996, 143–178.

[37] Yu. Ermoliev and R. J.-B. Wets (eds.): Numerical Techniques for Stochastic Optimization Problems. Springer, Berlin, 1988.

[38] L. F. Escudero et al.: Production planning via scenario modeling. Annals of Oper. Res. 42, 1993, 311–336.

[39] H. I. Gassmann: Optimal harvest of a forest in the presence of uncertainty.

Canad. J. For. Res. 19, 1989, 1267–1272.

[40] H. I. Gassmann and A. M. Ireland: Scenario formulation in an algebraic modelling language. Annals of Oper. Res. 59, 1995, 45–75.

[41] B. Golub et al.: A stochastic programming model for money management.

RR 93–01–01, Hermes Laboratory, The Wharton School, Univ. of Pennsylvania, Philadelphia, 1993.

[42] N. Gröwe and W. Römisch: A stochastic programming model for optimal power dispatch: Stability and numerical treatment. In: ”Stochastic Optimization - Numerical Methods and Technical Applications” (K. Marti, ed.), LN in Economics and Math. Systems Vol. 379, Springer, Berlin, 1992, 111–139.

[43] N. Gröwe, W. Römisch and R. Schultz: A simple recourse model for power dispatch under uncertain demand. Annals of Oper. Res. 59, 1995, 135–164.

[44] J. L. Higle and S. Sen: Stochastic decomposition. Kluwer Academic Publ., Dodrecht, 1996.

[45] J. L. Higle and S. Sen: Control policies for network resource allocation in the presence of multiclass demand uncertainty. Paper presented at the NSF/IFIP Workshop on Stochastic Programming and Applications, Tucson 1996.

[46] R. S. Hiller and J. Eckstein: Stochastic dedication: Designing fixed income portfolios using massively parallel Benders decomposition. Manag. Sci. 39, 1993, 1422–1438.

[47] M. R. Holmer, D. Yang and S. A. Zenios: Designing callable bonds using simulated annealing. Report 93-07-02, Decision Sciences Department, The Wharton School, Univ. of Pennsylvania, Philadelphia, 1993.

Stochastic programming: Approximation via scenarios 17

[48] M. R. Holmer et al.:Dynamic models for fixed-income portfolio management under uncertainty. Report 93-11-01, Decision Sciences Department, The Wharton School, University of Pennsylvania, Philadelphia, 1993.

[49] K. Hoyland and S. W. Wallace: Generating scenario trees for multistage problems. Paper presented at the 18th EWGFM Meeting, Kiel 1996.

[50] T. Huoponen:Stochastic optimization of a multi-currency bond portfolio.

WP–94–98, IIASA, Laxenburg, 1994.

[51] J. M. Hutchinson and S. A. Zenios: Financial simulations on a massively parallel connection machine. The Internat. J. of Supercomputer Applications 5, 1991, 27–45.

[52] G. Infanger: Monte Carlo (Importance) sampling within a Benders decomposition algorithm for stochastic linear programs. Annals of Oper. Res. 39, 1992

[53] G. Infanger: Planning Under Uncertainty. Solving Large Scale Stochastic Linear Programs. Boyd and Fraser, Danvers, 1994.

[54] J. Jacobs et al.: SOCRATES: A system for scheduling hydroelectric generation under uncertainty. Annals of Oper. Res. 59, 1995, 99–132.

[55] R. Jagannathan: Use of sample information in stochastic recourse and chance-constrained programming problems. Manag. Sci. 31, 1985, 96–108.

[56] J. L. W. V. Jensen: Sur les fonctions convexes at les inegalites entre les valeurs moyennes. Acta Math. 30, 1906, 175–193.

[57] P. Kall: Stochastic programming with recourse: Upper bounds and moment problems - a review. In: ”Advances in Mathematical Optimization” (J. Guddat et al., eds.), Akademie-Verlag, Berlin, 1988, 86–103.

[58] P. Kall, A. Ruszczynski and K. Frauendorfer: Approximation techniques in stochastic programming. In: [37] 33–64.

[59] P. Kall and S. W. Wallace: Stochastic Programming. Wiley, New York, 1994.

[60] Y. M. Kaniovski, A. J. King and R. J-B. Wets: Probabilistic bounds (via large deviations) for the solutions of stochastic programming problems. Annals of Oper. Res. 56, 1995, 189–208.

[61] V. Kaňková: An approximate solution of a stochastic optimization problem.

Trans. 8th Prague Conf. Academia, Prague, 1978, 349–353.

[62] A. J. King: Stochastic programming problems: Examples from the literature.

In [37], 543–565.

[63] A. J. King: Multistage stochastic programming with sampling. Paper presented at IFIP Workshop ”Stochastic Programming: Algorithms and Models”, Lillehammer, 1994.

18 J. Dupačová

[64] A. J. King and R. J-B. Wets: Epi-consistency of convex stochastic programs.

Stochastics and Stochastic Reports 34, 1991, 83–92.

[65] P. Klaassen: Discretized reality and spurious profits in stochastic programming models for asset/liability management. To appear in EJOR.

[66] M. I. Kusy and W. T. Ziemba: A bank asset and liability management model. Oper. Res. 34, 1986, 356–376.

[67] F. V. Louveaux: A solution method for multistage stochastic programs with recourse with application to an energy investment problem. Oper. Res. 28, 1980, 889–902.

[68] F. V. Louveaux and Y. Smeers: A stochastic model for electricity generation. Preprint, 1980.

[69] A. Madansky: Inequalities for stochastic programming problems. Manag.

Sci. 6, 1960, 197–204.

[70] J. M. Mulvey: Generating scenarios for the Towers Perrin investment system. Research Report, Princeton Univ., January 1994.

[71] J. M. Mulvey and H. Vladimirou: Stochastic network optimization models for investment planning. Annals of Oper. Res. 20, 1989, 187–217.

[72] J. M. Mulvey and H. Vladimirou: Stochastic network programming for financial planning problems. Manag. Sci. 38, 1992, 1642–1664.

[73] J. M. Mulvey and S. A. Zenios: Capturing the correlations of fixed-income instruments. Manag. Sci. 40, 1994, 1329–1342.

[74] F. H. Murphy, S. Sen, A. L. Soyster: Electric utility expansion planning with uncertain load forecasts. IIE Transactions 14, 1982, 52–59.

[75] S. S. Nielsen: Importance sampling in lattice pricing models. Paper presented at the 5th INFORMS Computer Science Technical Section Conference, 1995.

[76] S. S. Nielsen and S.A. Zenios: Solving multistage stochastic network programs. Math. Progr. 73, 1996, 227–250.

[77] S. S. Nielsen and S.A. Zenios: A stochastic programming model for funding single premium deferred annuities. Report 92-08-03, Decision Sciences Department, The Wharton School, Univ. of Pennsylvania, Philadelphia, 1992. To appear in Math. Progr.

[78] M. V. F. Pereira and L. M. V. G. Pinto: Stochastic optimization of a multireservoir hydroelectric system: A decomposition approach. Water Resources Res. 21, 1985, 779–792.

[79] M. V. F. Pereira and L. M. V. G. Pinto: Multi-stage stochastic optimization applied to energy planning. Math. Progr. 52, 1991, 359–375.

[80] G. Ch. Pflug: Stochastic programs and empirical process theory. Invited lecture at the 7th Int. Conference on Stochastic Programming, Nahariya 1995.

Stochastic programming: Approximation via scenarios 19

[81] P. Popela: A multi-stage stochastic blending problem. Paper presented at the 17th IFIP TC7 Conference, Prague 1995.

[82] A. Prékopa: Stochastic Programming. Kluwer Academic Publ. Dordrecht and Académiai Kiadó, Budapest, 1995.

[83] W. Römisch: Asymptotics of solution sets in stochastic programming. Invited lecture at the 4th World Congress of the Bernoulli Society, Vienna, 1996.

[84] W. Römisch and R. Schultz: Lipschitz stability for stochastic programs with complete recourse. SIAM J. Optim. 6, 1996, 531–547.

[85] C. H. Rosa: Pathways of economic development in an uncertain environment: A finite scenario approach to the U. S. region under carbon emissions restrictions. WP–94–41, IIASA Laxenburg, 1994.

[86] R. Y. Rubinstein and A. Shapiro: Discrete event systems: Sensitivity analysis and stochastic optimization by the score function method. Wiley, New York, 1993.

[87] S. Sen, R. D. Doverspike, S. Cosares: Network planning with random demand. Telecommunications Systems 3, 1994, 11–30.

[88] R. J. Serfling: Approximation theorems in mathematical statistics. Wiley, New York, 1980.

[89] A. Shapiro: Quantitative stability in stochastic programming. Math. Progr.

67, 1994, 99–108.

[90] A. Shapiro and T. Homem-de-Mello: A simulation-based approach to twostage stochastic programming with recourse. Preprint, January 1996.

[91] J. F. Shapiro: Stochastic programming models for dedicated portfolio selection. In: ”Mathematical Models for Decision Support” (B. Mitra, ed.), NATO ASI Series, Vol. F48, Springer, Berlin, 1988, 587–611.

[92] L. Somlyódy and R. J.-B. Wets: Stochastic optimization models for lake eurotrophication management. Oper. Res. 36, 1988, 660–681.

[93] M. Talagrand: Sharper bounds for Gaussian and empirical processes. Ann.

Probab. 22, 1994, 28–76.

[94] S. W. Wallace: A piecewise linear upper bound on the network recourse function. Math. Progr. 38, 1987, 133–146.

[95] S. W. Wallace: A two-stage stochastic facility-location problem with timedependent supply. In: [37], 489–514.

[96] R. J.-B. Wets: Solving stochastic programs with simple recourse, II. Proc. of the J. Hopkins Conference on System Science and Information, J. Hopkins Press, Baltimore, 1975.

[97] R. J.-B. Wets: Stochastic programming: Solution techniques and approximation schemes. In: ”Mathematical Programming - The State of the Art Bonn 1982” (J. Bachem et al., eds.), Springer, Berlin, 1983, 566-603.

20 J. Dupačová

[98] R. J.-B. Wets: Stochastic programming. In: ”Handbook on OR and MS”, Vol. 1 (G. L. Nemhauser et al., eds.), North-Holland, Amsterdam, 1989, 573–629.

[99] K. J. Worzel, C. Vassiadou-Zeniou and S. A. Zenios: Integrated simulation and optimization models for tracking indices of fixed-income securities. Oper. Res. 42, 1994, 223–233.

[100] S. A. Zenios: Massively parallel computations for financial planning under uncertainty. In: ”Very Large Scale Computing in the 21-st Century” ( J. Mesirov, ed.), SIAM, Philadelphia, 1991, 273–294.

[101] S. A. Zenios (ed.): Financial Optimization. Cambridge University Press, 1993.

[102] S. A. Zenios: Parallel Monte Carlo simulation of mortgage-backed securities. In [101], 325–343.

[103] S. A. Zenios and M. S. Shtilman: Constructing optimal samples from a binomial lattice. J. of Information and Optimization Sciences 14, 1993, 125– 147.