Robust Adaptive Flow Control in High Speed Telecommunication Networks

Zigang Pan^1 Eitan Altman Tamer Başar^1 Dept. of Electrical Engineering INRIA B.P. 93 Coordinated Science Lab.

Polytechnic University 06902 Sophia Antipolis Cedex UIUC Brooklyn, NY 11201/USA France Urbana, IL 61801/USA pan@poly.edu altman@sophia.inria.fr tbasar@isaacs.csl.uiuc.edu

Abstract

We consider a single controlled traffic source, sharing a bottleneck node with other (higher priority) sources, whose traffic is modeled by an ARMA process. The controlled source adapts dynamically its transmission rate to the remaining available bandwidth. We focus in this paper on the case when the ARMA parameters are unknown. We use an H^∞ approach, and design a controller which combines identification (of the ARMA parameters) with the control in a novel way.

1 Introduction

We consider “best-effort” type control of the flow of traffic into a telecommunication network. In the besteffort approach there is not a fixed bandwidth allocated to the source, but instead, the resources allocated to the source at each moment depend on those currently available. This is the main type of service provided by the Internet (in particular, by the TCP/IP congestion control [10]), and so is the Available Bit Rate (ABR) service-type in ATM (see [1]).

A primary goal of the design of flow control is to achieve some overall performance objectives for the different traffic sources, such as guaranteeing some bounds on the throughput, delay, loss probabilities. In particular, the flow control should be designed so as to protect the network; any single source should thus adapt to the changing network conditions. Another goal for flow controller design is to optimize the use of the network resources. This has also been spelled out in [1] p. 2: “The primary role of the parameters and procedures used for traffic control and congestion control is to protect the network and the-end-system in order to achieve network performance objectives. An additional role is to optimize the use of network resources... The design of ATM layer traffic and congestion controls should minimize network and end-system complexity while maximizing network utilization”.

1Research supported by Grants ECS 92-20632 and ECS 93- 12807 from the National Science Foundation.

In this paper we consider a single controlled source, sharing a bottleneck node with other (higher priority) sources. In order to protect the high-priority traffic, the source has to adapt dynamically its transmission rate to the remaining available bandwidth. The traffic from the high priority sources is modeled by an ARMA process. Such a formulation allows for longrange correlated traffic (see [2] for a related model), and is amenable to queueing analysis, which is especially desirable in order to compute performance measures (see [2, 3, 5]). In addition, the extraction of the parameters of the ARMA process can be done in real time, with fairly low complexity (see [6]).

A most natural framework for designing control schemes that achieve the objective of optimizing the use of the network is that of optimal control. Specifically, we focus here on the H^∞ approach, which meets the objective of low-complexity of implementation, and is based on guaranteeing the best performance under worst-case conditions. We use a continuous-time version of the model introduced in [4, 5], in which optimal H^∞ flow controllers were designed, based on an ARMA model for the higher priority traffic, with known parameters. When the parameters are unknown, a natural heuristic would be to use the certainty-equivalence approach: periodically, the parameters may be estimated (using the optimal identification schemes proposed and analyzed in [8],[6]), and then use the control designed (in [4, 5]) for the interfering traffic having these as their real ARMA parameters. This approach is tested in [6], in a discrete-time setting. However, there is no theoretical justification for such a heuristic, and moreover, it may perform worse than some other scheme that combines estimation and control.

The objective of this paper is to develop an alternative control scheme that combines estimation and control in a novel way. The parameter estimation error is also included as a control objective that is to be optimized. The approach is based on and uses recent theoretical tools developed in [11]. In this framework, the adaptive flow control problem is formulated as a worst-case optimization problem. The cost function penalizes the deviation of the queue size from some desired target, the bit rate tracking error of the input rate, and the identification error of the ARMA parameters. The solution given in [11] does not directly apply here, because of the presence of a positive weighting on the control in the cost function. In general, the solution to such (nonlinear H^∞ control) problems (with positive weight on control) is given by infinite-dimensional dynamic programming equations. This difficulty will be circumvented here by properly splitting the weighting on the disturbance, v, in the measurement equation of the service rate into two parts – one of these used in the identification phase, and the other one reserved for the control design phase. This splitting allows us to obtain explicit, albeit conservative, solutions to the worst-case adaptive control problem. In the identification design stage, we make use of the cost-to-come function methodology as in the recent paper [12]. The resulting identification (estimation) algorithm is robust in the sense that it admits a guaranteed attenuation level with respect to the disturbance inputs (see ϕ and v introduced in the next section) without any a priori stochasticity assumption. By employing such an identification scheme, we can complete the control design by using a standard H^∞ technique. It is further shown in the paper that the optimal splitting of the weighting on v is to evenly allocate it to identification and control. A simulation study of the performance of such a combined (noncertainty-equivalent) identification/control scheme is presented in the full-version of the paper, it has not been included here due to page limitations.

The structure of the paper is as follows. In the next section we present the model and formulate the flow control problem as a disturbance attenuation problem. The controller, which combines estimation and control, is designed in Section 3. The paper ends with the concluding remarks of Section 4.

2 Problem Formulation

We consider an adaptive flow control problem for High Speed Networks, using the continuous-time counterpart of the model of [4]. We let q(t) denote the length of the queue at time t ≥ 0, with its desired length being Q. At time t ≥ 0, we denote the effective service rate by μ(t) and the source rate by x(t), with the average service rate being μ_a.

To facilitate our discussion and the analysis, we introduce the shifted variables: q̃(t) := q(t)−Q, μ̃(t) := μ(t)−μ_a, x̃(t) := x(t)−μ_a. Then, the queue size q̃ satisfies the following differential equation:

˙q̃ = x̃ − μ̃ (1)

(Note that we have ignored the boundary effects at zero and at full buffer. Such an approximation has been justified in [3, 4]; as have been illustrated in the full version of the paper by simulations, if the target queue length is chosen properly, then the controller can indeed ensure that the queue size does not hit the boundaries.) At any time t ≥ 0, we have a noisy measurement of the queue size q̂, and a noisy measurement of the effective service rate μ̂. Using the shifted variables ^̃q := q̂ −

Q and ^̃μ := μ̂ − μ_a, we can write the measurement equations as

^̃q = q̃ + aw (2)

^̃μ = μ̃ + cv (3)

where a and c are some positive scalar constants signifying the magnitude of the uncertainties in the measurements ^̃q and ^̃μ, respectively, and w and v are deterministic disturbances. In the H^∞ setting of this paper, the noise is allowed to be quite general, and in particular, to depend on the state of the system. This allows the model to include quantization noise, so that information on queue length and available bandwidth may each be given at a level of precision that is determined by the number of bits dedicated to transmit this information. The noise may also account for imprecisions due to delay phenomena, as well as losses of information packets.

Deviation of the effective service rate from the average rate, μ̃, is in general due to the presence of cross traffic in the network. As in [4], we assume that this interference can be adequately modeled as the output of a continuous-time ARMA process of order d, driven by some disturbance input ϕ̃. This ARMA process is given by:

μ̃^{(d)} − l_1μ̃^{(d−1)} − · · · − l_dμ̃ = kϕ̃

where the parameters l_1, . . . , l_d are unknown, which will be identified on line using an identification scheme, and the parameter k, which quantifies the magnitude of the disturbance ϕ̃, is assumed to be known. For our ensuing analysis, we will represent this ARMA process using a state space model, with the state variable η being a d-dimensional vector:

η̇ = A_D η + θμ̃ + D̃ϕ̃ (4) μ̃ = e^′_1η (5)

where

A_D = [ 0_{(d−1)×1} I_{d−1} 0 0_{1×(d−1)} ] , D̃ = [ 0_{(d−1)×1} k ]

θ = [ l_1 · · · l_d ]_′ . Here, I_{d−1} is the identity matrix of dimension d − 1, e_1 is a d-dimensional unit vector with the first element being 1 (and other elements 0). Because of the fact that μ̃ is measured in additive noise (see (3)), the dynamical equation (4) involves the product θμ̃ of two unknown quantities. Replacing μ̃ by ^̃μ in (4), we arrive at the following expression: η̇ = A_D η + θ^̃μ + D̃ϕ̃ − cθv (6) For a rigorous analytical study, we will consider the following general dynamical model for η:

η̇ = A_D η + θ^̃μ + Dϕ (7)

where D := kI_d, and ϕ is a d-dimensional disturbance input. Clearly, the dynamics (6) is a special case of the dynamics (7) with the disturbance ϕ set to ϕ = D̃ϕ̃ − cθv/k

Henceforth, we will study the flow control design problem using the dynamics (7), which will result in some extra degree of conservatism than the designs that would use (6), but would still lead to a guaranteed level of performance.

Flow controller design for the case where the parameter vector θ is completely known has been extensively studied before in [4] in a discrete-time framework. In this paper, our main objective is to design flow controllers that make use of the measurements ^̃μ to identify the parameter θ on line, and to achieve high level of flow control performance, i.e. small queue length variation and accurate bit rate tracking. The amount of queue length variation and the value of the target level Q are directly related to loss probabilities and to the throughput (see [4, 9]).

Associated with the above system, we introduce the standard quadratic cost function:

L^t = ∫_t 0 (g|x̃−μ̃|^2 +|q̃|^2 +|θ−θ̂|^2_{M(s)}) ds; t ≥ 0 (8) where the parameter g > 0 is a constant weighting on the tracking error of the input rate to the available service rate, and M(·) is a time-varying weighting matrix for the identification error of the unknown parameter θ. A larger value of g will result in a smaller rate tracking error for the optimal system, as also corroborated by the simulations results of [4]. The third term in the cost function reflects our objective of parameter identification for θ. As it will turn out, the nonnegative-definite weighting matrix M(·) will have to be chosen in a specific form for the problem to admit a solution. We will see later that a particular choice for this weighting matrix will lead to major simplifications in the structure of the adaptive flow controller.

The objective of the flow control design is to regulate the queue length to the desired value Q (i.e., to keep q̃ small), achieve good tracking of the available service rate (i.e., make |x̃ − μ̃| small), and attenuate the effect of exogenous disturbance input on the three quantities q̃, x̃ − μ̃, and θ − θ̂, as measured by the cost function L^t. In this paper, the disturbance attenuation property for the controller is specified by a desired attenuation level γ > 0, and the attenuation is with respect to the energy (square of the L_2 norm) of the disturbance inputs. This objective can then be captured by worstcase optimization of a single cost function as described in the following. For any given disturbance attenuation level γ > 0, the flow controller is to guarantee for the closed-loop system the following worst-case attenuation property for all t ≥ 0: sup ϕ[0_{;t}],v[0_{;t}],w[0_{;t}] {L^t − γ^2 ∫_t 0 (|ϕ|^2 + |v|^2 + |w|^2) ds −γ^2|θ − θ̄|^2 − C} ≤ 0 (9) where θ̄ is some initial estimate of the unknown parameter vector θ; C is some constant that depends only on the initial state of the system q̃(0), η(0), ^̃q(0), η̂(0); and η̂(0) is an initial guess for the value of the state vector η at t = 0.

We should note that the choice for the initial estimate θ̄ of the unknown parameter vector is a subjective one, and may have to be based on the statistical information collected previously. The closer θ̄ is to the true value of θ, the better will the transient performance be. This choice will not make any difference, however, as far as the long term performance of the system is concerned, under persistent disturbances.

The constant C is needed in (9) to account for the uncertainty in the values of the initial condition of q and η. In the standard setup of an H^∞-optimal control problem under imperfect state measurements, one takes C = |x_0 −x̄_0|^2_{Q0} . In the present case, to avoid the additional complication that may result from the requirement of an appropriate spectral radius condition, we take C here to be arbitrary, only requiring that it be allowed to depend on the initial state of the system. The specific choice of C does not affect the long term performance of the system under persistent disturbance inputs. It does quantify, however, the worst-case transient performance. A larger value of C implies a worse transient performance of the closed loop system.

Clearly, for any flow control law that guarantees the worst-case inequality (9) for all t ≥ 0, we can deduce the following:

(1) If the disturbances ϕ, w and v all have finite energy, then L^t is bounded from above by a constant for any t ≥ 0. Therefore, we achieve perfect regulation of queue size and perfect tracking of the service rate as t → ∞ despite the lack of knowledge of the precise values of the parameter vector θ.

(2) For any disturbance waveform and any t ≥ 0, the finite-interval energy levels (up to time t) of the rate tracking error and queue size tracking error are less than or equal to γ^2 times the sum of the corresponding finite-interval energy levels of the disturbances and a constant that depends only on the initial state of the system. This then guarantees a good steady-state system response for disturbance inputs with infinite energy over the infinite horizon, such as white noise.

(3) Since the inequality is required to hold for any t ≥ 0, there exists a guaranteed bound on the transient response of the closed-loop system despite the lack of knowledge on the true value of the parameter vector θ.

This completes formulation of the problem, which involves system dynamics (1), (7), with μ̃ given by (5), measurement equations (2), (3), and a worst-case performance criterion (9). Now, we turn in the next section to the derivation of an optimal adaptive flow control algorithm.

3 Main Results

The solution to the adaptive flow control problem formulated in Section 2 above will be obtained in two steps. At the first step, we shall derive a parameter identification scheme for the unknown parameter θ, as in [12]. At the second step, we shall design a flow control algorithm using the parameter identification algorithm from the first step.

For the parameter identification design, only the dynamics (7) and measurement (3) are of relevance. The relevant disturbance inputs at this stage are ϕ and v. For the design at the second step to be feasible, we set our objective at this stage as attenuation of the disturbances ϕ and √ αv to the level γ, where α ∈ (0, 1) is a constant, fixed arbitrarily for the time being. This objective is thus more conservative than that of the attenuating the disturbances ϕ and v to the level γ. Nevertheless, this allows us to retain part of the negative weighting on v in the second step of optimization. Subsequently, we will compute an optimal value for α, by minimizing the achievable level of disturbance attenuation.

For the identification problem, the cost function to be minimized, with respect to θ̂, is the following: sup η(0),θ,ϕ[0_{;t}],v[0_{;t}]|^̃μ[0_{;t}],x̃[0_{;t}] { ∫_t 0 ( g|x̃ − μ̃|^2

+|θ − θ̂|^2_{M(s)} ) ds − γ^2 ∫_t 0 (|ϕ|^2 + α|v|^2) ds −γ^2|θ − θ̄|^2 − C̄} (10) where C̄ is some positive constant that depends only on the initial condition of η, and the sup operation is over all initial conditions η(0), parameter value θ, and disturbance inputs ϕ_{[0,t]}, v_{[0,t]} which, along with input rate x̃_{[0,t]}, yield the measurements ^̃μ_{[0,t]}. The reason for including the constant C̄ above is exactly the same reason cited earlier for inclusion of the constant C in (9); it quantifies the quality of the transient performance of the identification scheme.

Toward solving this worst-case identification problem, we expand the dynamics (7) to include the simple dynamics of the parameter θ, and express it in terms of the expanded state vector ζ := (θ^′, η^′)^′:

ζ̇ = [ 0_{d×d} 0_{d×d} ^̃μI_d A_D ] ζ + [ 0_{d×1} D ] ϕ =: A_F ζ + D_F ϕ (11)

The measurement equation (3) can then be rewritten as ^̃μ = [ 0_{1×d} e^′_1 ] ζ + cv =: C_F ζ + cv (12)

We will take the constant C̄ to be in quadratic form:

C̄ = γ^2|η(0) − η̂(0)|^2_{P0}

where the matrix P_0 is an arbitrary positive definite matrix. It will be shown later that a particular choice of P_0 leads to a simple structure for the controller.

The optimization problem (10), when expressed in terms of ζ, involves the maximization of a quadratic cost function subject to linear constraints (11) and (12). Hence, it can be solved using standard dynamic programming arguments which are similar to those used in [12]. As a result of such a dynamic programming derivation, we obtain the following set of equations describing the minimax identifier:

^̇θ = −α/c_2ΞΦ_′e_1(^̃μ − e_{′1}η̂) − g/γ_2ΞΦ_′e_1(e_{′1}η̂ − x̃),

θ̂(0) = θ̄ (13)

^̇η = A_Dη̂ + θ̂^̃μ + α/c^2(Π̄ + ΦΞΦ^′)e_1(^̃μ − e^′_1η̂)

+g/γ^2(Π̄ + ΦΞΦ^′)e_1(e^′_1η̂ − x̃) (14) ˙Π̄ = A_DΠ̄ + Π̄A′_D + k2I_d − (α/c2 − g/γ2)Π̄e_1e′_1Π̄;

Π̄(0) = P^{−1}_0 (15)

Φ̇ = (A_D − (α/c^2 − g/γ^2)Π̄e_1e^′_1)Φ − ^̃μI_d,

Φ(0) = 0_{d×d} (16) Ξ̇ = −(α/c^2 − g/γ^2)ΞΦ^′e_1e^′_1ΦΞ + (1/γ^2)ΞMΞ;

Ξ(0) = I (17)

We are now in a position to state optimality of the solution θ̂ above, which is done in the proposition below. Its proof requires arguments similar to those used in [12] and is therefore not included here.

Proposition 3.1 Consider the maximization problem (10) subject to the dynamical constraint (11) and the equality constraint (12). The maximum exists if there exist matrix functions Π̄(t) and Ξ(t) satisfying (15)– (17), which are further positive definite for each t ∈ [0, ∞). If such Π̄(·) and Ξ(·) exist, then the identifier achieving the minimum worst-case cost is given by (13)–(14). Conversely, if either one of the matrix functions Π̄(t) and Ξ(t) is not nonnegative definite for some t ∈ [0, ∞), then the maximum is unbounded for any identification scheme θ̂. 2 Remark 3.1 We observe that the dynamics of η̂ and θ̂ given by (13) and (14) depend explicitly on the input rate x̃, which does not enter the cross-traffic dynamics (7). This dependence implies that the adaptive flow controller to be obtained shortly is not a certaintyequivalent controller. ⋄

The identification algorithm (15)–(14) requires 2 ∗ d^2 + 3 ∗ d integrators to implement, assuming that the fact that the matrix functions Ξ and Π̄ are symmetric is utilized. This may be computationally demanding in actual implementation. Significant structural simplifications can be achieved, however, by properly choosing the weighting matrices M(t) and P_0. Toward this end, let M(t) = (γ^2α/c^2 − g)Φ^′e_1e^′_1Φ.

The dynamics of Ξ(t) are then expressed as: Ξ̇ = 0_{d×d}. Therefore, Ξ(t) ≡ I_d on the interval [0, ∞). This reduces the required number of integrators by d(d + 1)/2.

From standard H^∞-optimal control theory [7], the generalized Riccati differential equation (15) admits a positive-definite solution on the infinite interval [0, ∞) if and only if γ ≥ c √ g/α. (18) Furthermore, for any γ > c √ g/α, the solution Π̄(t) converges to the unique positive definite solution of the following generalized algebraic Riccati equation (GARE):

A_D Π + ΠA^′_D + k^2I_d − (α/c^2 − g/γ^2)Πe_1e^′_1Π = 0 (19)

For γ = c √ g/α, the matrix function Π̄(·) is unbounded on [0, ∞), and furthermore (19) does not admit any nonnegative-definite solution. Therefore, we consider here only the case γ > c √ g/α, and choose P_0 = Π^{−1}, where Π is the unique positive-definite solution of GARE (19). It is a general property of the solution to the GARE (19) that the matrix

A_{f o} := A_D − (α/c^2 − g/γ^2)Πe_1e^′_1

is Hurwitz. This observation leads to a further reduction in the number of integrators, by a factor of d(d + 1)/2.

Notice the structure of the matrix A_{f o}: ∗ 1 · · · 0 ∗ . . . . . . . ∗ 0 · · · 1 ∗ 0 · · · 0 where ∗ denotes possibly nonzero elements. This structure of the matrix A_{f o} permits the matrix function Φ(t) to be generated using a d-dimensional linear system:

λ̇ = A_{f o}λ − e_1 ^̃μ; λ(0) = 0 (20) Φ = [ λ · · · A^{−d+1}_{f o} λ ] (21)

This further simplifies the structure of the identification algorithm by d^2 − d integrators. Using all these (three) simplifications, the dynamics of η̂ and θ̂ can be expressed as: ^̇θ = −α/c2Φ′e_1(^̃μ − e′_1η̂) − g/γ2Φ′e_1(e′_1η̂ − x̃), θ̂(0) = θ̄ (22)

^̇η = A_Dη̂ + θ̂^̃μ + α/c^2(Π + ΦΦ^′)e_1(^̃μ − e^′_1η̂)

+g/γ^2(Π + ΦΦ^′)e_1(e^′_1η̂ − x̃) (23)

In the remainder of this paper, we will limit the analysis (and the derivation) to the simpler identification algorithm, which is given by (19)–(23), although the results to be obtained will hold true for the general identification scheme (15)–(14) as well. The existence condition, as well as the optimality condition, for this simplified identification scheme is precisely γ > c √ g/α. To deduce disturbance attenuation properties of the parameter identification algorithm (19)–(23), we now introduce the following value (cost-to-come) function:

W (t) = γ^2|θ − θ̂|^2 + γ^2|η − η̂ + Φ(θ − θ̂)|^2_Π�1 (24)

Using this value function, and the simple identity

W (0) − W (t) + ∫_t 0 Ẇ (s) ds = 0, we obtain

L^t − γ^2 ∫_t 0 (|v|^2 + |w|^2 + |ϕ|^2) dt − W (0) ≤ ∫_t 0 [|q̃|^2 +g|x̃ − e^′_1η̂|^2 − γ^2(|w|^2 + (1 − α)|v|^2 + α|v̄|^2)] dt

where v̄ := (^̃μ − e^′_1η̂)/c. We observe that the right-hand-side of the above inequality forms an H^∞ type cost function. This observation then enables us to proceed easily to the control design stage.

Let us rewrite the dynamical equation (1) as

˙q̃ = u + cv − cv̄ (25)

where u := x̃ − e^′_1η̂, to relate it to the estimates of the identifier. The queue length is measured in additive noise as in (2).

The objective at this second (control design) stage is to guarantee satisfaction of the following disturbance attenuation inequality: sup v[0_{;t}],v̄[0_{;t}],w[0_{;t}] { ∫_t 0 (g|u|^2 + |q̃|^2) ds − γ^2 ∫_t 0 ((1 − α)|v|^2 +α|v̄|^2 + |w|^2) ds − C̃} ≤ 0 (26)

for all t ≥ 0, and for some constant C̃ that depends only on the initial state of the system.

The system dynamics (25), measurement equation (2) and performance criterion (26) then form a standard linear quadratic H^∞ optimal control problem with a single state q̃, a single control input u, and disturbance inputs v, v̄ and w. The set of necessary and sufficient conditions for the existence of a solution to this H^∞ control problem ([7]) involves two GARE’s and a spectral radius condition as described in the following:

(i) The filtering GARE:

−P^2(1/a^2 − 1/γ^2) + c^2/α + c^2/(1 − α) = 0,

whose solution is P = caγ √ α(1 − α)(γ^2 − a^2)

; if γ > a

(ii) The control GARE:

−Z^2(1/g − c^2/γ^2(1/α + 1/(1 − α))) + 1 = 0

which admits the solution: Z = √ gα(1 − α) α(1 − α) − gc^2/γ^2 ; if γ > c √ g α(1 − α)

(iii) Under the condition that both P and Z above exist, the H^∞ optimal controller exists if and only if the following spectral radius condition is satisfied: γ^2 − P Z > 0 ⇔ γ > √ gc^2 (1 − α)α + a^2

Among the three conditions above on the range of the admissible values for γ, the last one is the most restrictive. Therefore, the H^∞ optimal control problem admits a solution if γ > √ gc^2 (1 − α)α + a^2 (27)

For this range of values of γ, the H^∞ controller is given by ˙¯q̃ = cγ √ γ^2 −^{gc2}_{α(1−α)} a √ (γ^2 − a^2)(α(1 − α)γ^2 − gc^2) − ca^2 √ g (^̃q − ¯q̃)

− √ α(1 − α) − gc^2/γ^2 gα(1 − α) ¯q̃ (28)

x̃ = e^′_1η̂ − √ α(1 − α) gα(1 − α) − g^2c^2/γ^2

¯q̃ (29)

For γ less than the threshold level (27), the supremum in (26) is always +∞ for any flow control law one can come up with. This then completes the control design analysis.

For both the identifier and the controller to exist, the desired disturbance attenuation level γ must satisfy both constraints (18) and (27), and clearly the latter is the governing one. Then, the threshold level for any achievable attenuation is

γ^∗(α) = √ gc^2 (1 − α)α + a^2 (30)

Clearly, the optimal value for the parameter α, that allows for a minimal level of achievable disturbance attenuation, is α^∗ = 1/2 , (31)

which leads to the optimum threshold value:

γ^∗(α^∗) = √ 4gc^2 + a^2 (32)

This now brings us to the following theorem. The proof of this theorem can be found in the full version of the paper, but is omitted here due to page limitation.

Theorem 3.1 Consider the worst-case adaptive flow control problem formulated in Section 2. Let the desired disturbance attenuation level γ be strictly larger than γ^∗(α^∗), and fix the parameter α at its optimal value 1/2. The parametrized (in γ) controller, defined by (28)–(29), along with the parametrized identifier given by (19)–(23), guarantees the worst-case disturbance attenuation inequality (9).

4 Conclusions

We have derived in this paper a rate-based flow controller that operates under unknown environmental conditions. It is a noncertainty-equivalent adaptive controller that achieves precomputable levels of disturbance attenuation. It combines identification and control functions in a unique way, and has an appealing structure where various terms can easily be computed on line in real time. In the full version of the paper, we have shown through simulations how the relative weights attached to different terms in the cost function influence the dynamic behavior of the system, and the design of the identifier and the controller.

References [1] The ATM Forum Technical Committee, Traffic Management Specification, Version 4.0, ATM Forum/95-0013R8, October 1995.

[2] R. G. Addie and M. Zukerman, “Queues with total recall - application to the B-ISDN”, The Fundamental Role of Teletraffic in the Evolution of Telecommunications Networks, Proceedings of the 14th ITC, Antibes Juan-les-Pins, France, June, pp. 45-54, 1994. [3] E. Altman, F. Baccelli and J. C. Bolot, “Discretetime analysis of adaptive rate control mechanisms”, High Speed Networks and their performance, Perros and Viniotis Eds., North Holland, 121-140, 1994. [4] E. Altman and T. Başar, “Optimal Rate Control for High Speed Telecommunication Networks”, 34th IEEE Conference on Decision and Control, December 1995, New Orleans, Louisiana, (invited paper). [5] E. Altman and T. Başar, “Optimal Rate Control for High Speed Telecommunication Networks: the case of delayed information”, First Workshop on ATM Traffic Management, WATM’95, IFIP, WG.6.2 Broadband Communication, Paris, December 1995.

[6] E. Altman and T. Başar and Z. Pan, “Identification of parameters of ARMA processes, and rate-based control in ATM networks”, working paper. [7] T. Başar and P. Bernhard, H^∞-Optimal Control and Related Minimax Design Problems: A Dynamic Game Approach. Birkhäuser, 2nd ed., 1995. [8] G. Didinsky, Z. Pan and T. Başar, “Parameter identification for uncertain plants using H^∞ methods”, Automatica, 31, no. 9, 1227-1250, Sep 1995. [9] K. Fendick, M. A. Rodrigues and A. Weiss, “Analysis of a rate-based control strategy with delayed feedback”, Proc. ACM SIGCOMM ’92, Baltimore, MD, August 1992, pp. 136-148.

[10] V. Jacobson, “Congestion avoidance and control”, Proc. ACM SIGCOMM ‘88, Stanford, CA, pp. 314-329, August 1988.

[11] Z. Pan and T. Başar, “Adaptive controller design for tracking and disturbance attenuation in parametricstrict-feedback nonlinear systems”, Proceedings of the 13th IFAC Congress of Automatic Control, (San Francisco, CA, USA), 323–328, June 30 – July 5 1996. [12] Z. Pan and T. Başar, “Parameter identification for uncertain linear systems with partial state measurements under an H^∞ criterion”, IEEE Transactions on Automatic Control, September 1996 (to appear).