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Abstract— Recent approaches to resource allocation in web
monitoring target optimal performance under restricted capacity
constraints [1], [2]. The resource allocation problem is gener-
ally modelled as a knapsack problem with known deterministic
properties. However, for practical purposes the web must often
be treated as stochastic and unknown. Unfortunately, estimating
unknown knapsack properties (e.g., based on an estimation phase
[1], [2]) delays finding an optimal or near-optimal solution.
Dynamic environments aggravate this problem further when the
optimal solution changes with time. In this paper, we present
a novel solution for the nonlinear fractional knapsack problem
with a separable and concave criterion function [3]. To render
the problem realistic, we consider the criterion function to be
stochastic with an unknown distribution. At every time instant,
our scheme utilizes a series of informed guesses to move, in an
online manner, from a “current” solution, towards the optimal
solution. At the heart of our scheme, a game of deterministic
learning automata performs a controlled random walk on a
discretized solution space. Comprehensive experimental results
demonstrate that the discretization resolution determines the
precision of our scheme. In order to yield a required precision,
the current resource allocation solution is consistently improved,
until a near-optimal solution is found. Furthermore, our proposed
scheme quickly adapts to periodically switching environments.
Thus, we believe that our scheme is qualitatively superior to the
class of estimation-based schemes.

Keywords—nonlinear knapsack problems, learning au-
tomata, resource allocation, stochastic optimization

I. INTRODUCTION

Problem Motivation: We consider the problem of opti-
mizing the allocation of resources in web monitoring when
the monitoring capacity is restricted [1], [2]. Consider a basic
web monitoring resource allocation system. Such a system may
involve n web pages that are updated periodically, although
with different periods. Clearly, each web page can be polled
with a maximum frequency — and this would, effectively
“flood” the system with status-probing polls as opposed to
information-delivering searches. The problem which we study
involves determining the web page polling frequencies that the
system must use to maximize the number of web page updates
detected, without exceeding the available monitoring capacity.
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Dealing with the web is particularly fascinating because it
leads to numerous extremely interesting problems involving
real-life resource allocation and scheduling. Such problems,
including the one we study, are particularly intriguing because
access to the resources is constrained, and the parameters of
the underlying system are unknown and not easily estimated.
Indeed, in some cases the parameters can not be estimated at
all. One such classic problem is that which involves “optimal
search” [4]. An user has to determine how much time to
allocate to search a particular “site” (which may be a web-
site, a library, or in general, a geographical area). However, the
probability of locating the object searched for in that site can
not be estimated because the underlying event is unobservable.
The web polling resource allocation problem involves a similar
hurdle — how do we allocate resources for polling when the
characteristics of the web pages to be polled are unknown, not
easily estimated, and perhaps even dynamically changing.

Recent approaches to resource allocation in web monitoring
target an optimal performance under a restricted capacity con-
straint [1], [2]. The resource allocation is generally modelled
as a so-called knapsack problem with known deterministic
properties. In this paper we shall see that a stochastic version
of the knapsack problem with unknown properties is a more
appropriate model.

The Linear Fractional Knapsack (FK) Problem: Several
variants of the knapsack problem have been treated in the
literature [5]. The linear FK problem is a classical continuous
optimization problem which also has applications within the
field of resource allocation. The problem involves n materials
of different value v; per unit volume, 1 < ¢ < n. Each material
is available in a certain amount x; < b;. Let f;(x;) denote
the value of the amount x; of material i, i.e., f;(x;) = v;z;.
The problem is to fill a knapsack of fixed volume ¢ with the
material mix Z = [z1,...,2,] of maximal value > fi(z;)

[6].

The Nonlinear Equality FK (NEFK) Problem: One
important extension of the above classical problem is the
nonlinear equality FK problem with separable and concave
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objective functions. The problem can be stated as below [5]:

maximize Y| fi(x;)
subject to Y 7, =¢
0 < @,

1=1,...,n.

Since the objective function is considered to be concave, the
Material Value Function (MVF), f;(x;), of each material is
also concave. The derivatives of the MVFs! with respect to
x;, are hereafter denoted by f/. The latter problem has been
solved using Lagrange multipliers. The optimal value occurs
when the derivatives f/ of the MVFs are equal, subject to the
knapsack constraints [3], [7]:

fi(xr) == fl(zn)
Yiwmi=c
OSQL‘Z',Z.:L...,TL.

The Stochastic Nonlinear Equality FK Problem: The fun-
damental problem that we solve generalizes the above NEFK
problem. First of all, we let the material value per unit volume
be an independent stochastic function F/(x;). Furthermore, we
consider the case when the distribution F/(x;) is unknown.
That is, each time an amount z; of material ¢ is placed in
the knapsack, we are only allowed to observe an instantiation
of F!(x;) at x;, and not F/(x;) itself. Given this stochastic
environment, we intend to devise an online (also referred
to as a real-time) incremental scheme that learns the mix
of materials of maximal expected value, through a series of
informed guesses.

Stochastic Knapsack Problems - State-of-the-Art: To the
best of our knowledge, our targeted stochastic NEFK problem
has not been addressed in the literature before. However,
several related problems have been addressed. For example,
the works of [8], [9] consider solution policies for stochas-
tic generalizations of the so-called NP-hard linear integer
knapsack problem in which value distributions are considered
known and constant, making dynamic programming a viable
solution. Another variant of the knapsack problem is found
in [10] where a deterministic knapsack is used, however, with
objects arriving to and departing from the knapsack at random
times. The optimization problem considered is to accept/block
arriving objects so that the average value of the knapsack is
maximized.

Contributions of This Paper: We base our work on the
principles of Learning Automata (LA) [11], [12]. Learning
Automata have been used to model biological systems [13],
and have attracted considerable interest in the last decade
because they can learn the optimal actions when operating
in (or interacting with) unknown stochastic environments.
Furthermore, they combine rapid and accurate convergence
with low computational complexity. Recently, Oommen et al.
[14] proposed a Learning Automata based mechanism for
locating the optimal point on a line. An environment tells the
learning mechanism whether its point guesses lie to the left

IThe derivatives represent the material values per unit volume. These are
constant in the linear case, but non-increasing (they decrease with the quantity
of the material concerned) in the nonlinear case.
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or to the right of the optimal point, possibly erroneously, and
by interacting with the environment the learning mechanism
converges towards selecting the optimal point with probability
1 — ¢, (where € is arbitrarily small) rendering the scheme
to be e-optimal. While the latter work considers stochastic
optimization of a single parameter, we target optimization of n
parameters (n material amounts), where the different parame-
ters are mutually constrained by the constraints imposed by the
“knapsack”. Furthermore, our environment is less informative
than the one introduced in [14], because our environment does
not tell us whether a parameter guess x; lies to the left or to
the right of the unknown optimal value. The environment only
replies with an instantiated unit volume value at z;, drawn
from the stochastic unit volume value function, F}(x;).

Format of the Paper: In Section II we present a game
of learning automata that is designed to solve our stochastic
version of the nonlinear equality knapsack problem incremen-
tally and online. In Section III we detail the polling frequency
determination problem, and present a solution based on the
Learning Automata Knapsack Game (LAKG) scheme from
Section II. We evaluate the LAKG scheme empirically based
on simulating stationary and non-stationary environments with
as many as 500 materials. We conclude the paper in Section
IV and suggest areas for further work.

II. A LEARNING AUTOMATA KNAPSACK GAME (LAKG)

To present our work in the right perspective, we first briefly
discuss the solution concepts for more basic variants of the
knapsack problem. As indicated in the introduction, solving the
classical linear FK problem involves finding the most valuable
mix Z = [x1, ..., 2z,] of n materials that fits within a knapsack
of fixed capacity c. Because a fraction of each material can be
placed in the knapsack, the following greedy algorithm from
[6] finds the most valuable mix: Take as much as possible of
the material that is most valuable per unit volume. If there is
still room, take as much as possible of the next most valuable
material. Continue until the knapsack is full.

Let us now assume that unit volume values are stochastic
variables {V1,...,V,} with constant and known distribution.
Furthermore, for the sake of conceptual clarity, let us only
consider binary variables V; that either instantiates to the value
of 0 or 1. Let p? denote the probability that V; = 0 and
pl = 1—p? denote the probability that V; = 1. Then the value
F;(z;) of the amount x; of material ¢ also becomes stochastic:
Fi(xz;) = V; x x;. In other words, F;(z;) takes the value
0 with probability p{ and the value x; with probability p}.
Under such conditions, the above greedy strategy can be used
to maximize the expected value of the knapsack Z? E[F;(x;)),
simply by selecting material based on expected unit volume
values, E[V;] = p}, rather than actual unit volume values.

However, the above solution approach is obviously inade-
quate when the distributions of the F;(x;)s and the V;s are
unknown. The problem becomes even more challenging when
the distribution of the material value per unit volume is no
longer constant, but instead depends on the amount z;. Let
F/(x;) denote the stochastic function that determines the unit
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Fig. 1. Learning Automata interacting with a scheduler and an unknown
stochastic environment.

volume value of material i. To elaborate, F/(xz;) takes the
value 0 with probability p?(z;) and the value 1 with probability
p% (z;) . Under the latter conditions, our aim is to find a scheme
that moves towards optimizing the following NEFK problem
online:

maximize Y, E[F;(x;)]
subject to Y 1z =¢
0 <y,

i1=1,...,n.

Note that we allow only instantiations of the material value
per unit volume F)(x;) to be observed. That is, each time
an amount z; of material ¢ is placed in the knapsack, an
instantiation of F/(x;) at x; is observed. We shall assume that
x; is any number in the interval (0, 1] and generalize this later.

The crucial issue that we have to address is that of determin-
ing how to change our current guesses on z;, 1 <7 < n. We
shall attempt to do this in a discretized manner by subdividing
the unit interval into N points {]{,—1, ]%,—AM e (NJ;—XUA, 1},
where N is the resolution of the learning scheme and A > 0
determines the linearity of the discretized solution space”. We
will see that a larger value of N will ultimately imply a more
accurate solution to the knapsack problem.

Although, at the outset, it is clear that the rationale for this
updating is the stochastic point location solution proposed by
Oommen in [14], we emphasize the following differences:

(i) The scheme in [14] is linear.

(i1) The method proposed in [14] assumes the existence
of an Oracle which informs the LA whether to go “right” or
“left”. In our application domain, this has now to be inferred
by the system.

(iii) The method proposed in [14] assumes that there is only
a single LA in the picture. Here we specifically understand
that there are multiple LA — each of them being constrained
to work together with the others. Thus, at the heart of our
scheme is a game between n deterministic LA that interact
with a scheduler and a stochastic environment as shown in
Fig. 1. We describe each of the components below.

2The importance of A will become evident in Section IIT where we present
empirical results.
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Stochastic Environment: The environment consists of a
set of stochastic unit volume value functions F' = {F](z1),

Fj(x3), ..., F! (x,)}. If amount z; of material ¢ is suggested
to the environment, F(x;) takes the unit volume value v, = 0
with probability pY(z;) and the unit volume value v, = 1

with probability p} (z;). In addition, the environment provides
a signal ¢ indicating whether the knapsack is full:

if n_ T; > C
¢ — { szl

otherwise

Scheduler: The scheduler takes material amounts &
[1,...,2,] as input. The purpose of the scheduler is to (1)
linearize accesses to the stochastic environment and (2) make
sure that the unit volume value functions F}(x1), Fj(x2),

.., F! () are accessed with frequencies proportional to Z°.
For the sake of simplicity, we choose to access the functions
randomly by sampling from a probability distribution propor-
tional to Z.

Learning Automata: Each material ¢ is assigned a de-
terministic fixed structure automaton LA; with the states
1,...,N. Let the current state of automaton LA; be s;(t).
WheP the automaton acts, it suggests the amount x;(t) =
si(t)

true
false

of material 7 to the scheduler, which in turn interacts
with the stochastic environment. Assume that v (¢) and ¢(¢) is
the resulting feedback from the stochastic environment. Then
the state of the automaton is updated as follows:

si(t+1):=s;(t) +1

if v{(t) =1and 1 < s,(t) < N and not ¢(t)
si(t+1):=s;(t) -1

if vi(t) =0and 1 < s;(t) < N and ¢(t)
si(t+1) = s;(t)

otherwise.

Notice that although the above state updating rules are deter-
ministic, because the knapsack is stochastic, the state transi-
tions will also be stochastic.

The purpose of the above Learning Automata game is to
form a stochastic race between the n automata so that the race
directs the automata towards the optimal solution. In essence,
the race is governed by two situations: (1) There is still room
for more material in the knapsack, and (2) The knapsack is
full. In the first situation, the race consists of increasing ones
material amount guesses as quickly as possible. However, a
guess xz; can only be increased when the corresponding unit
volume value function F}(x;) instantiates to 1. Accordingly,
if p;(x;) < pj(x;) for material i and j, then automaton j
will have an edge in the race. The second situation is the
opposite of the first one. In the second situation, each automa-
ton ¢ decreases its material amount guess x; whenever the
corresponding unit volume value function F/(z;) instantiates
to 0. Accordingly, if p;(z;) < pj(z;) for material i and j,
automaton ¢ will have a competitive edge over automaton j.

3We emphasize that our scheme does not rely on accessing the unit volume
value functions sequentially with frequency proportional to & for solving the
knapsack problem, however, this restriction is obviously essential for solving
the problem incrementally and online.



In combination, the two situations of the race are designed to
stochastically move the current allocation of materials towards
the knapsack capacity, with the aim of approaching the optimal
expected knapsack value.

Note that because each automaton LA; acts (e.g., polls a
web page) with average frequency proportional to x;(t), the
F;’s are accessed with a frequency corresponding to the current
knapsack solution. In other words, our scheme actually applies
the current solution when seeking its improvement. As we
will see in Section III the latter property enable us to use the
scheme incrementally and online.

III. APPLICATION: POLLING FREQUENCY
DETERMINATION

Recent approaches to resource allocation in web monitoring
attempt to optimize the performance of the system when the
monitoring capacity is restricted [1], [2]. The principle cited
in the literature essentially invokes the principles of Lagrange
multipliers to solve a nonlinear equality knapsack problem
with a separable and concave objective function [5]. Thus,
for example, a basic web monitoring resource allocation prob-
lem may involve n web pages that are updated periodically,
although with different periods. Clearly, each web page can
be polled with a maximum frequency - which would result
in a sluggish system. The problem which we study involves
determining the web page polling frequencies that maximize
the number of web page updates detected, without exceeding
the available monitoring capacity.

The approaches that represent the state-of-the-art, assume
that the knapsack problem is deterministic and fully known.
However, from a web monitoring perspective the web must
often be seen as a stochastic and more or less unknown
environment. In such cases, the parameters of the knapsack
problem could be estimated instead, e.g., based on a tracking
phase where web pages are polled mainly for estimation
purposes [1], [2]. A main disadvantage of the latter approach
is that the parameter estimation phase significantly delays the
implementation of the optimal solution. This disadvantage is
further aggravated in dynamic environments where the optimal
solution may change over time, introducing the need for
parameter re-estimation.

A. Problem Background

Although several nonlinear MVFs for measuring web mon-
itoring performance have been proposed in the literature (e.g.,
see [1], [2]), from a broader viewpoint they are mainly built
around the basic concept of update detection probability,
i.e., the probability that polling a web page results in new
information being discovered. Therefore, for the purpose of
clarification and for the sake of conceptual clarity, we will
use the update detection probability as the token of interest
in this paper. To further define our notion of web monitoring
performance, we consider that time is discrete with the time
interval length 7" to be the atomic unit of decision making.
In each time interval every single web page i has a constant
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probability ¢; of remaining unchanged *. Furthermore, when
a web page is updated/changed, the update is available for
detection only until the web page is updated again. After that
the original update is considered lost. For instance, each time
a newspaper web page is updated, previous news items are
replaced by the most recent ones.

In the following we will denote the update detection prob-
ability of a web page i as d;. Under the above conditions, d;
depends on the frequency that the page is polled with, and is
modelled using the following expression:

diw;) =1 q;%.

By way of example, consider the scenario that a web page
remains unchanged in any single time step with probability
0.5. Then polling the web page uncovers new information with
probability 1 — 0.5% = 0.875 if the web page is polled every
374 time step (i.e., with frequency %) and 1—-0.52 = 0.75 if the
web page is polled every 2" time step. As seen, increasing
the polling frequency reduces the probability of discovering
new information on each polling.

Given the above considerations, our aim is to find the page
polling frequencies & that maximize the expected number of
pollings uncovering new information per time step:

maximize Y| z; X d;(x;)
subject to Y Jx; =c
0 é T,

t=1,...,n.

Note that in the general web monitoring case, we are not able
to observe d;(x;) or g; directly — polling a web page only
reveals whether the web page has been updated at least once
since our last poll>. As such, web monitoring forms a proof-
of-concept application for resource allocation in unknown
stochastic environments.

B. Learning Automata Knapsack Game Solution

In order to find a LAKG Solution to the above problem
we must define the Stochastic Environment that the LA are to
interact with. As seen in Section II, the Stochastic Environment
consists of the stochastic unit volume value functions F’ =
{F|(z1), F5(z2), ..., F!(z,)}. We find these functions by
applying the principles of Lagrange multipliers to the above
maximization problem. In short, after some simplification, it
can be seen that the following conditions characterize the
optimal solution:

dlglxl) = dg(ﬂ?g) =
iri=c

ngi, izl,...

dn(xy)

M.

Since we are not able to observe d;(x;) or g¢; directly, we
base our definition of F’ on the result of polling web pages.

“4Note that in our empirical results, we also report high monitoring perfor-
mance even with changing ¢;. The high performance can be explained by the
ability of our scheme to adaptation.

5Some web pages are also annotated with the time of last update. However,
this information is not generally available/reliable [15], and is therefore
ignored in our scheme.



Briefly stated, we want F/(z;) to instantiate to the value 0
with probability 1 — d;(z;) and to the value 1 with probability
d;(z;). Accordingly, if the web page i is polled and ¢ has been
updated since our last polling, then we consider F}(z;) to have
been instantiated to 1. And, if the web page 7 is unchanged,
we consider F}(z;) to have been instantiated to 0.

C. Empirical Results

In this section we evaluate our learning scheme by com-
paring it with four classical policies using synthetic data. We
have implemented the following classical policies:

Uniform: The uniform policy allocates monitoring re-
sources uniformly across all web pages. This is the only
classical policy of the four that can be applied directly in an
unknown environment.

Proportional: In the proportional policy, the allocation of
monitoring resources to web pages is proportional to the update
frequencies of the web pages. Accordingly, this policy requires
that the web page update frequencies are known.

Estimator: The estimator policy handles unknown web
update frequencies by polling web pages uniformly in a
parameter estimation phase, with the purpose of estimating
update frequencies. After the parameter estimation phase, the
proportional policy is applied, however, the latter is based on
the estimated update frequencies rather than the true ones.

Optimal: The optimal policy requires that web page update
frequencies are known, and finds the optimal solution based
on the principles of Lagrange multipliers [1], [2].

To evaluate web resource allocation policies, recent work
uses the Zipf distribution [16] to generate realistic web page
update frequencies [1], [2]. In short, web pages are considered
ranked according to their update frequencies, and the update
probability of a web page is calculated from its rank. We use
the following distribution to determine the update probability
of each web page:

arl@. ) = 5.
Here, k refers to the web page of rank k, the parameter 3
determines the skewedness of the distribution (e.g., for s =0
the distribution is uniform), and « € [0.0,1.0] represents the
magnitude of the update probabilities (i.e., the web page of
rank 1 is updated with probability « each time step).

Without loss of generality, we normalize the web page
polling capacity in our experiments to 1.0 poll per time step,
and accordingly, we vary the average total number of web page
updates per time step instead.

The results of our experiments are truly conclusive and
confirm the power of the LAKG. Although several experiments
were conducted using various «, 3, and number of automata,
we report for the sake of brevity, only the results for 500
web pages (the main case from [1]) within the following
environments.

e o =0.3; 8 = 1.5, where the average number of updates
per time step is 0.76 and accordingly, below the web
page polling capacity. The web page update distribution
is highly skewed, as explored in [1].
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Fig. 2. 1In the (a = 0.3, 8 = 1.5)-environment, the LA Knapsack scheme
is superior to the estimator scheme, allowing increased convergence accuracy
at the cost of convergence speed, without any parameter estimation phase.

PeY 0.3; 0 = 1.0, where the average number of
updates per time step is increased to 2.0 (twice the web
page polling capacity) by making the web page update
distribution less skewed (the normal Zipf distribution).

PeY 0.9; 8 = 1.5, where the average number of
updates is set to 2.3 by increasing the web page update
probability. Because of the high values of both « and S,
this environment turns out to be the most challenging one,
discriminating clearly between the optimal policy and the
proportional policy.

For these values, an ensemble of several independent replica-
tions with different random number streams was performed to
minimize the variance of the reported results.

1) Static Environments: We see from Fig. 2 that the pro-
portional policy and the optimal policy provide more-or-less
the same solution — a solution superior to the uniform policy
solution. We also observe that the performance of the estimator
scheme increases steadily with the length of the parameter
estimation phase. The figure also shows the performance
of the three different LAKG configurations reported in this
section, i.e., [N = 1500,y = 1.3], [N = 2500,y = 1.3],
and [N = 5000,y = 1.2]. As seen, the performance of
the LAKG increases significantly quicker compared to the
Estimator scheme, and in contrast to the Estimator scheme,
the performance is improved online (in a real-time manner)
without invoking any parameter estimation phase. We also ob-
serve that, as expected, increasing the resolution, N, improves
the convergence accuracy at the cost of convergence speed.

As seen in Fig. 3, a less skewed web page update dis-
tribution function makes the uniform policy more successful,
mainly because a larger number of web pages will have a
significant probability of being updated. For the same reason,
the estimator scheme is able to lead to an improved perfor-
mance quicker. In spite of this, the LAKG yields a superior
performance.

The most difficult class of environments we simulate is an
environment with a highly skewed web page update distri-
bution (6 = 1.5) combined with a high update probability
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Fig. 3. In the (o = 0.3,8 = 1.0)-environment, a less skewed web page
update distribution makes the uniform policy as well as the estimator policy
more successful, mainly because of more widely and abundant updating of
web pages.
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Fig. 4. Inthe (a = 0.9, 8 = 1.5)-environment, the LAKG scheme breaches
the performance boundary set by the proportional policy, converging towards
near-optimal solutions.

(a = 0.9). In such an environment, the optimal policy performs
significantly better than the proportional policy, and so any
scheme that converges towards a proportional policy solution
will not reach optimal performance. As seen in Fig. 4 the
LAKG breaches the performance boundary set by the propor-
tional policy, and converges towards near optimal solutions.

2) Dynamic Environments: A dynamically changing en-
vironment is particularly challenging, because the optimal
solution is time dependent. In such cases, the current resource
allocation solution should be modified according to the envi-
ronmental changes. When, additionally, the environment and
its characteristics are unknown, any changes must first be learnt
before any meaningful modification can take place.

In order to simulate a dynamic environment, we change
the ranking of the web pages at every r'" web page poll —
a single web page is selected by sampling from the current
Zipf-distribution, and this web page switches rank with the
succeeding web page in the ranking. As a result, the Zipf-
distribution also changes. This means that the web monitor is
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Fig. 5. In the (o = 0.9, 8 = 1.5)-environment where the web page ranking
changes at every 80,000t" web page poll. The LAKG finds near-optimal
solutions initially, and recovers quickly after environmental changes.

Expected Value

4
02 LA Knapsack Game (N=1500) —— |
LA Knapsack Game (N=2500) -------
LA Knapsack Game (N=5000) --------
Proportional
Estimator -—--
Optimal -------
0 L L L L

0 50000 100000 150000 200000 250000

#Web Page Visits

Fig. 6. In the (& = 0.9, 3 = 1.5)-environment where the web page ranking
changes every 1,000%" poll. Observe that the LAKG is able to steadily
improve the initial solution, but is never allowed to reach an optimal solution.

allowed to conduct » web page polls before the environment
changes. Fig. 5 demonstrates the ability of our scheme to re-
learn in a switching environment for » = 80, 000. As seen in
the figure, the LAKG quickly recovers after the environment
has changed, and then move towards a new near optimal
solution. The reader should again note how the speed of
recovery depends on the resolution of the automata, N.

In the previous dynamic environment, the LAKG was able
to fully recover to a near-optimal solution because of the low
frequency of environmental changes. Fig. 6 demonstrates the
behavior of the automata in a case when this frequency is
increased to » = 1,000. As seen, the automata still quickly
and steadily improve the initial solution, but are obviously
never allowed to reach an optimal solution. However, note how
the quickly changing environment is not able to hinder the
automata stabilizing on a solution superior to the solutions
found by the estimator scheme.

IV. CONCLUSION AND FURTHER WORK

In this paper we have considered the problem of resource
allocation in web monitoring when the capacity is restricted.



This problem has been modelled in the literature as a knap-
sack problem with known deterministic properties. We have
extended the fractional knapsack problem in two ways. First of
all, we have treated the unit volume value of each material as a
stochastic variable having an unknown distribution. Secondly,
we assume that the expected value of a material may decrease
after each addition to the knapsack. We have proposed to
solve this knapsack problem by using a team of LA that
perform a controlled random walk on a discretized fraction
space. Comprehensive experimental results have demonstrated
the superiority of our scheme that also adapts to dynamic
environments.

In our further work we aim to develop a so-called variable
structure automaton for the knapsack problem, and to verify
its e-optimality.
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