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Abstract— Reinforcement Learning (RL) provides a promising
new approach to systems performance management that differs
radically from standard queuing-theoretic approaches making
use of explicit system performance models. In principle, RL can
automatically learn high-quality management policies without an
explicit performance model or traffic model, and with little or
no built-in system spedfic knowledge. In our original work [1],
[2], [3] we showed the feasibility of using online RL to learn
resource valuation estimates (in lookup table form) which can
be used to make high-quality server allocation dedsions in a
multi-application prototype Data Center scenario. The present
work shows how to combine the strengths of both RL and
queuing models in a hybrid approach, in which RL trains offline
on data colleded while a queuing model policy controls the
system. By training offline we avoid suffering potentially poor
performancein live online training. We also now use RL to train
nonlinear function approximators (e.g. multi-layer perceptrons)
instead of lookup tables; this enables <aling to substantially
larger state spaces. Our re sults now show that, in both open-loop
and closed-loop traffic, hybrid RL training can achieve significant
performance improvements over a variety of initial model-based
policies. We also find that, as expeded, RL can deal effedively
with both transients and switching delays, which lie outside the
scope of traditional steady-state queuing theory.

I. INTRODUCTION

The primary goal of reseach in autonamic computing is to
reduce & much as possble the degreeof human involvement
in the management of complex computing systems. Idedly
a human would only spedfy a broad high-level objedive &
inpu to the system’s management algorithms. Then while
the system is running, the management agorithms would
continually sense the system state and exeaute management
adions that optimally achieve the high-level objedive. There
has been a grea ded of recent research focused onalgorithms
that make use of explicit system performance models, such
as control-theoretic or queuing-theoretic models. These ao-
proaches have adieved naeworthy successin many spedfic
management applications. However, we note that the design
and implementation of acarrate performance models of com-
plex computing systems can be highly knowledge-intensive
and labor-intensive, and moreover, may require original re-
seach. For example, queuing network models of multi-tier
internet services have only recently been pulished in [4].
Given the central goal of autonamic computing, it is therefore

worth investigating whether the development of management
algorithms may itself be automated to a considerable extent.

In very recent work [1], [2], [3], [5] a radicdly different
approach based on Reinforcement Leaning (RL) has been
proposed for automaticdly leaning management pdlicies.
(By “pdicy” we mean a mapping from system states to
management adions.) In its most basic form, RL provides a
knowledge-freetrial-and-error methoddogyin which alearner
tries various adions in numerous s/stem states, and leans
from the mnsequences of ead adion [6]. RL can paen-
tialy lean dedsion-theoretic optimal policies in dynamic
environments where the dfeds of adions are Markovian (i.e.
stationary and history-independent). In addition to firm theo-
reticd suppat in the MDP (Markov Dedsion Procesg case,
there have dso been many naable succesful applicaions
of RL over the last decale in red-world problems ranging
from helicopter control to financial markets trading to world-
championship game playing [7], [8], [9].

From an autonomic computing perspedive, the RL approach
offers two major advantages. First, RL does not require an
explicit model of either the computing system being managed
or of the external processthat generates workload or traffic.
Seoond by its groundng in MDPs, the theory underlying RL
is fundamentally a sequential dedsion theory that properly
treas dynamicd phenomena in the environment, including
the posgbility that a aurrent dedsion may have delayed
consequences in bah future rewards and future ohserved
states. This means that RL could paentialy outperform other
methods that trea dynamicd effeds only approximately, or
ighare them altogether (e.g. traditional steady-state queuing
theory), or cast the dedsion making problem as a series of
unrelated instantaneous optimizations.

While RL thus offers tremendows potentia benefits in
autonomic computing, there are two major challengesin using
it to oltain pradicd successin red-world applicaions. Firgt,
RL can suffer from poa scdability in large state spaces,
particularly inits smplest and best understoodformin which a
lookuptable is used to store aseparate value for every possbhle
state-adion pair. Since the size of such a table increases
exporentially with the number of state variables, it can quickly
become prohibitively large in many red applications. Seand,



the performance obtained during live online training may be
unaccetably poar, both initialy and duing an infeasibly
long training period. Two fadors may contribute to the poar
performance (i) in the absence of domain knowledge or good
heuristics, the initial RL state may correspondto an arbitrarily
bad initial palicy; (ii) in general RL procedures also nedd to
include a cetain amourt of “exploration” of adions believed
to be subogimal. Typicd mechanisms for exploration involve
randamized adion seledion and may be excedalingly costly to
implement in a live system.

In this paper, we present a new hybrid method combining
the alvantages of both explicit model-based methods and tab-
ularasa RL in order to addressthe above pradicd li mitations.
Instead of training an RL modue online on the cnsequences
of its own dedsions, we propcse offline training on dita
colleded while an externally supgied initial padlicy (based
e.g. on an appropriate queuing model) makes management
dedsionsin the system. The theoreticd basis for this approach
lies in the convergence proofs of TD (Tempora Difference)
leaning and related methods [6], combined with Bellman's
palicy improvement theorem [10]. These works uggest that,
given enoughtraining samples, RL can convergeto the corred
value function V™ associated with any fixed pdicy 1, and
that the new palicy whaose behavior greadily maximizesV™ is
guaranteed to improve uponthe origina policy Tt We assume
that the initial model-based pdicy is goodenoughto give an
accetable level of performance but that thereis gill room for
improvement. By utilizing such a pdlicy and training dfline,
we avoid poa system performancethat could occur using live
online training. We dso nate that our method can be gplied
for multiple iterations: after we train an improved pdicy 1
based on cata obtained while 1t is running, we then use T
in the system to colled a second dita set, which can then be
used to train a further improved pdicy 1, etc..

The other key ingredient in o methoddogy is using a
norlinea function approximator in placeof a lookuptable to
represent the value function. We have chosen to use neural
networks (multi-layer perceptrons) as they have the most
successul tradk record in RL applications, but of course many
other function approximators (e.g. regresson trees, CMACs,
SVMs, wavelets, regresson splines, etc.) could also be used.
Function approximators provide amedhanism for generalizing
training experience acoss $ates, so that it is no longer
necessry to visit every state in the state space Likewise they
also generalize acossadions, so that the need for exploratory
off-palicy adions is aso gredly reduced. In fad we find
in our system that we cax oltain improved pdicies withou
any exploration, by training solely on the model-based pdicy
dedsions.

We have implemented and tested our hybrid RL approach
within a redistic prototype Data Center, in which servers are
to be dynamicaly all ocated among multi ple web applications
so as to maximize the expeded sum of SLA payments in
ead applicaion. Our prototype system has been described in
detail in our prior work [11], [1], [2] and we have substantial
experience in developing a variety of effedive pdicies for

server alocaion within this gystem. For the experiments
reported here, we use both open-loop and closed-loop traffic
scenarios. In ead scenario, we first implement appropriate
gueuing models using standard pradices for model design
and parameter estimation. We then colled system performance
data using a variety of initial allocdion pdicies, including
not only our best queuing model podlicy, but also severa
inferior palicies (e.g. using queuing models with subopimal
parameter tunings). As a worst-case example we dso use a
uniform randam all ocaion pdicy. For ead initial pdlicy, the
colleded data is used to train a arrespondng neural network,
which is then implemented in the prototype and tested for
performance improvements. In ead case we find that the
RL-trained neural nets give substantially better performance
compared with the rrespondng initia padlicies. We have
also oltained a number of interesting insights as to how the
outperformanceis obtained, particularly regarding hav the RL
nets are better able to ded with dynamic consequences of
redlocation, such as transients and switching delays.

The rest of the paper is organized as follows. Sedion I
describes details of our prototype Data Center. Sedion Il
describes our spedfic RL methoddogy, including an overview
of the spedfic leaning algorithm that we use (Sarsa(0)), and
a summary of our prior reseach using tabular online RL.
Sedion IV presents the new hybrid RL approach. Sedion V
gives details on ou initial queuing model pdlicies regarding
model design and parameter estimation. Sedion VI gives
performance results as well as providing insight into haw the
trained RL value function are ale to ouperform the origina
gueuing models. Conclusions and prospeds for future work
are given in Sedion VII.

II. PROTOTYPE DATA CENTER OVERVIEW

Our prototype Data Center [11], illustrated in Figure 1,
models how a set of identicd servers might be dynamicadly
allocated among multiple web applicaions hosted within the
Center. Each applicdion has its own Applicaion Manager,
which is resporsible for performance optimizaion within
the goplicaion and communicating with a Resource Arbiter
regarding resource needs. In our model, the optimizaion gaal
within ead applicaion is expressed by a locd performance
based objedive function, which we cdl “expeded business
value” The Resource Arbiter's goal is to alocae servers ©
as to maximize the sum of expeded business value over all
applicaions (this implies that al locd value functions share
a common scae). Allocaion dedsions are made in fixed five-
seond time intervals as foll ows:

Each Applicaion Manager i computes and reports to the
Arbiter a utility curve Vi(-) estimating expeded businessvalue
as a function d number of allocated servers. We asume that
V; expresses net expeded revenue (payments minus penal-
ties) as defined by a locd performance-based Service Level
Agreament (SLA). (More generdly, we would also exped
V; to include other considerations such as operational cost,
avail ability, service mnsistency, etc..) Upon recept of the
utility curves from ead applicéion, the Arbiter then solves



for the globally optimal alocaion maximizing total expeded
business value (i.e. total SLA revenue) summed ower the
applicaions. (Thisis a polynomial time computation since the
servers are homogeneous.) The Arbiter then conveys a list of
asdgned servers to ead applicaion, which are then used in
dedicated fashion urtil the next allocation dedsion.
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Fig. 1. Data ceter architedure.
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Our prototype system runs on a duster of identicd IBM eS-
erver xSeries 335 machines running Redhat Enterprise Linux
Advanced Server. Our standard experimental scenario uses
three gplicaions and eight servers. Two of the gplications
(cdled T1 and T2 heredter) are separate instantiations of
“Trade3” [17], a redistic simulation o an eledronic trading
platform, designed to benchmark web servers. This transac
tional workload runs on top o IBM WebSphere and DB2.
The SLA for eat Trade3 application is a sigmoidal function
of mean resporse time over the dlocaion interval, ranging
from a maximum value of +50 to a minimum value of -150.

Demandin ead Trade3 environment is driven by a separate
workload generator, which can be set to operate dther in open-
loop a closed-loop mode. The open-loop mode generates
Poisson HTTP requests with an adjustable mean arrival rate
ranging from 10-400 requests/sec. In closed-loop mode, the
generator simulates an adjustable finite number of customers
(ranging from 5-90) behaving in closed-loop fashion, all of
which have exporentialy distributed think times with a fixed
mean Z = 0.17 semnds. It is interesting to study bah modes
as they have very different charaderistics (e.g., relationship
between resporse time and throughpu) and require rather
different modeling techniques.

To provide aredistic enulation o stochastic bursty time-
varying demand, we use amodified time series model of Web
traffic, originally developed by Squillante & al. [13] to reset
by a small i ncrement every 1.0 seaonds either the dosed-loop
number of customers, or the open-loopmean arrival rate. The
routing pdicy within eat Trade3 applicdion is roundrobin
among its assgned servers, leading to approximately equal
load balancing.

The third applicaion in ou standard scenario is a long
running, paralelizable “Batch” workload that can be paused
and restarted on separate servers as they are added and

removed. This emulates a nonweb-based, CPU intensive
computation such Monte Carlo patfolio smulations. Since
there is no ndion o time-varying demand in this application,
we posit the Batch SLA is a simple increasing function o
number of asdgned servers, ranging from a value of -70 for
zero servers to a maximum value of +68 for six serverst.

I1l. BACKGROUND ON REINFORCEMENT LEARNING

Reinforcement Leaning (RL) refers to a set of genera
trial-and-error methods whereby an agent can lean to make
good cedsions in an environment through a sequence of
interadions. The basic interadion consists of ohserving the
environment’s current state, seleding an all owable adion, and
then receaving an instantaneous “reward” (a scdar measure
of value for performing the seleded adion in the given state),
foll owed by an observed transition to a new state. An excdlent
general overview of RL is given in [6].

The particular RL rule we use here is an algorithm known
as Sarsa(0), which leans a value function Qr(s,a) estimating
the agent’slongrange expeded value starting in state s, taking
initial adion a and then using pdicy 1 to choose subsequent
adions [6]. (For simplicity we heredter omit the 1t subscript.)
Sarsa(0) has the following form:

AQ(s,a) = a(t)[rt +yQ(s+1,a+1) — Q(s,&)] (1)

Here (s,a) are the initial state and adion at timet, r; is the
immediate reward at time t, (S+1,a+1) denotes the next state
and rext adion at time (t + 1), the constant y is a “discourt
parameter” between 0 and 1 expressng the present value of
expeded futurereward, and a(t) isa “leaningrate” parameter,
which decays to zero asymptoticdly to ensure mnvergence

When Q(s,a) is represented using alookuptable, equation 1
is guaranteed to converge for MDP environments, provided
that the policy for adion seledion is either stationary, or
asymptoticdly “greedy,” i.e. it chooses the adion with highest
Q-value in a given state. However, as detailed below, these
condtions do nd strictly hald in our system in threerespeds:
(i) Our applications are not exadly Markovian, athough
this may be areasonable gpproximation. (i) In ou hybrid
approach, described in Sedion IV, we use function approxima-
tioninstead of lookuptables. (iii) Our formulation of RL isnot
at the global dedsion maker level, but instead locdized within
ead applicaion, and from thelocd perspedivethe global pol-
icy nea na be grealy or stationary. We chose this formulation
due to much better scdability to many applications, as well
as a basic design principle that the abiter shoudd na receve
detail ed state descriptions from ead applicdion. The isaue of
whether locdized RL conwverges in such a “composite MDP”
scenario [14] is an interesting open reseach topic which is
discused in more detail in [2].

A. Sumnmary of Previous RL Approach
In our previous work [1], [2], [3] we implemented a
locdized version o online RL within the Trade3 applicaion

1We enforce a onstraint that ea Trade3 must have & least one server,
so that Batch can never be dlocaed more than six servers.



manager. The RL modue observed the gplicaion’'s locd
state, the locd number of servers alocaed by the abiter,
and the reward spedfied by the locd SLA. A lookup table
was used to represent Q(s,a). Due in part to the table's poar
scdability, we made a severe gproximation in representing
the gplication state solely by the (discretized) current mean
arrival rate A of page requests, and ignaring several other
sensor realings (e.g. mean resporse times, queue lengths,
number of customers, etc.) that could also have been used.
Hence our value function was two-dimensional: Q = Q(A,n),
and it was encouraging that RL could achieve comparable
performance to standard queuing models using such a simple
function.

Since our leaning was online and influenced the abiter’'s
dedsion making throughthe reported value estimates, it was
important that Q(A,n) be initialized to values that would yield
an accetable initial performance level of the abiter's palicy
at the start of the run. For this purpose we chose a heuristic
initiali zation asauming a linea dependence of Q on demand
per server A/n. Such initializaion required a modicum of
elementary domain knowledge, but perhaps would be more
difficult with additional state variables or a more complex
applicaion.

We dso devised two methods for deding with significant
sparsity of table cdl visits observed during the leaning run.
First, we used a so-cdled “e-gready” explorationrule, in which
the abiter would chocse arandam all ocation with probability
€ = 0.1 instead of the utility-maximizing alocation. This
turned ou to incur minimal cost in the simple system described
in [1], [2], [3] but can be expeded to become more stly as
the complexity of the dlocation task increases. Second, we
imposed soft mondonicity constraints based on the asump-
tion that the table values shoud be monaone deaeasing in
A and monaone increasing in n. This requires further domain
knowledge to devise and implement. We presume and in fad
foundin ou work described below that the use of function
approximation can grealy reduce or eliminate the need for
such techniques.

IV. HYBRID RL APPROACH

In our hybrid RL approach, a nonlinea function approxi-
mator is trained in batch mode on a dataset recorded while
an externally supgied pdicy makes management dedsions
within a given computing system. While we have chosen to
use neural networks here, due to their prior successes in RL
applicaions as well as their robust generalization in high
dimensional spaces [15], our methoddogy may be generally
used with other types of function approximators.

The use of an externa podlicy is motivated by a desire to
avoid poa performancethat would be expeded duing orline
leaning. This necesstates either using a goodexternal palicy,
or initializing the RL value functionin a way that implements
a goodinitial policy. However, we exped the latter option to
be quite difficult, as it most likely requires extensive domain
knowledge of the particular system, and may also require
deep knowledge of the function approximator methoddogy.

Moreover, a caefully chosen RL initialization may leal to
an inferior final result compared to, for example, randam
initi ali zation.

The use of batch training is motivated by two fadors.
First, due to the sample complexity of RL, a large number
of observed samples may be required before RL is capable
of leaning an effedive pdicy. Second, RL is a “bodstrap-
ping’ procedure with nonsationary targets, since the target
regresson value for the observation at time t depends on the
function approximator’s estimated value for the observation at
timet+ 1. Hence as regresson moves afunction approximator
toward a set of targets, this causes the targets themselves
to change. This uggests a batch training methoddogy com-
prising a large number of swegps through the dataset, with
incremental leaning in ead sweep.

Our hybrid RL approach for leaning a value function for
an applicaion takes as inpu a recorded sequence of (T +1)
observations {(s,a,rt),0<t < T} produced by an arbitrary
management policy, where (s,a,r;) are the observed state,
adion and immediate reward at timet. We use Algorithm 1 to
compute aneural network value function based onthe recorded
observations.

Algorithm 1 Compute Q
1: Initialize Q to a random neural network
2. repeat
3 SE + 0 {sum squared error}
for all t suchthat 0<t< T do
target < re +YQ(S+1,a+1)
error « target — Q(s, &)
SE + SE +error-error
Train Q(s,a;) towards target
9. end for
10. until CONVERGED(SE)

QN o a M

This agorithm borrows proven methods from supervised
leaning techniques, which repeaedly trains on a fixed set of
inpu-output pairs until attaining some anwvergence aiterion.
For example, we observe faster leaning when we randamize
the order of presentation in the loop online 4. The train-
ing procedure on line 8 uses the standard badk-propagation
algorithm, which adjusts eat weight in the neural network
in propation to its error gradient. However, this algorithm
is not an instance of supervised leaning, due to the non
stationarity of targets described abowve. Althoughthis property
removes any theoreticd convergence guarantees, we find that
the mean squared error roughy deaeases monaonicdly to a
locd minimum. Note that due to the stochastic gradient nature
of Sarsalbadk-propagation there is noise in the eror measure
SE after ead epoch. Hence the conwvergence aiterion in
line 10 must maintain sufficient history of prior SE values to
deted when the aror reates some asymptote.

Apart from the chaoice of function approximator, the most
important design issue is variable seledion and representation
of the state-adion pairs (s,a) as inpus to the function ap-
proximator. In principle the state § shoud be fully observable



in the MDP sensg, i.e. it shoud contain all current or prior
sensor realings, for both the traffic arrival process and the
system service process relevant to optimal dedsion making.
This could be problematic in cases where there ae grea many
potentially relevant sensor realings, and the hybrid RL user
does not have sufficient systems expertise to discern which
ones are most relevant. However, given ou reported prior
success representing system state solely by current demand
A, we suggest this is reasonable to try at least as a baseline
experiment, and we use this choice once ajain for the more
complex experiments reported in Sedion VI.

The aowve discusson suggests a two-inpu representation
(s,a) = (A,n) as described previoudly in Sedion IlI- A. How-
ever, in the present work we ae particularly interested in the
dynamic consequences of allocation dedsions. For example,
there may be switching delays, in which a newly allocaed
server isinitially unavail ablefor a catain period o time. There
may also initially be transient suboptimal performance due to
load rebalancing, or starting new processs or threals on the
newly allocaed servers. To hande such effeds, we enploy a
“delay-aware” representation in which the previous alocation
dedsion n;_; is added to the state representation at time t.
As long as aich delays or transients last no more than ore
alocdion interval, this shoud suffice to lean the impad of
such effeds on expeded value, while for longer delays one
would also nedd further historicd information ny_», €tc..

Using the threeinpus (At, nt—1, 1), we then train a standard
multi-layer perceptron containing a single hidden layer with
12 sigmoidal hidden unts, and a single linea output unit. We
set a badk-propagationleaning rate of 0.005and typicaly run
Algorithm 1 for ~10-20K sweeps throughthe dataset. We set
the Sarsa discournt parameter y= 0.5.

V. INITIAL QUEUING MODEL PoOLICIES

To bodstrap our hybrid RL approach with reasonable initial
policies we adopt some of the recently propased model-based
approaches for online performance management and resource
alocation [16], [17], [18], [19]. Typicdly, these gproaces
employ steady-state queuing theory models in a dynamic
environment where the model parameters are cntinuously up-
dated based on measurements of system behavior. Of course,
in addition to providing the initial padlicy, such models also
provide suitable performance benchmarks for our hybrid RL
approach.

To model the arival and departure of requests in our two
diff erent workload generator modes for the Trade3 application,
we anstruct two different types of queuing retworks: open
network and closed network. An open queuing retwork has
external arrival and departure of requests from an infinite
popuation o customers, while a dosed queuing retwork has
afinite popuation o customers, ead aternating between the
think state and the submitted state.

The underlying principles of modeling the two types of
gueuing network were guided by certain sdient feaures of
our prototype Data Center. The probability distribution of
servicetimes for Trade3 HTTP requests was empiricdly found

under moderate load-condtionsto be well approximated by an
exporentia distribution with a mean of 8.3 x 10~ secondk.
Abou 0.2-0.3% of requests resulted in significantly longer
resporse times and we &tribute such ouliers to VM garbage
colledion process

Following [1€], [17], [19], [19], we reestimate the param-
eters of our models at the end o ead alocdion interval t,
based on measurements of various date variables auch as the
mean arrival rate A;, the mean resporse time R, the total
number of servers allocaed ny, and the number of customers
M;. Due to the previousy mentioned small change per time
step generated by ou time series model of workload intensity,
a reassonably acarate forecat is that intensity at time t+1
approximately equals current intensity? at time t. Armed with
thisforecast, the models can then be used to estimate the utility
curve Viy1(ner1) for al possble values of ngy.

A. Open Queuing Network Model

Due to the roundrobin assgnment of the HTTP requests
among the avail able servers, we can model an applicdion in
the open queuing network with an owverall demand A and n
servers as a system of n independent and identicd parall el
open networks ead with ore server and a demand level of
A/n. We leveragethis observation as well asthe Poisonarrival
processand the exporential servicetimesin our experimental
setup to apply the parallel M/M/1 queuing formulation to
model the mean response time charaderistics of an applicaion.
In the M/M/1 model, the mean resporse time R of a service
center with a servicerate i and an arrival rate A is given by
R= le [20Q]. Therefore, given a resource level ny1 for the
next all ocation period, a predicted mean arrival rate Ai11 = Ay,
and asauming that the workload is uniformly divided among

the nyy1 servers, 1

)\t )

KR
The unknovn model parameter |1 can be estimated by applying
the same formula to the aurrent allocaion period, and after
rearanging terms, we obtain p = % + % From empiricd
evidence, we find that the @owe derivation d p is guite
sensitive to variations in R that are caised by the finite
sampling and garbage olledion processesin Java. To dampen
the dfea of these variations, we use an exporential smocthing
for u before solving for R.1 for all possble values of nij.
Experiments to validate our M/M/1 model with exporential
smocthing for estimates of W (with smoothing parameters in
the range 0.1-0.5) show that under steady workload condtions
the percentage difference in the means of the adua and
predicted resporse times is less than 20% for a wide range
of arrival rates and server alocations.

B. Closed-Loop Queuing Network Model

Since an application in the dosed network also distributes
HTTP requests in a roundrobin fashion, we can model an

Ry1= 2

2t is possble that some slight improvement in forecast acaracy could
be obtained using standard time series anaysis and forecating techniques
applied to historicd workload intensity variations.



applicaion with an oweral number of customers M and n
servers as a system of n independent parallel closed networks
eat with ore server and M/n customers. We leverage this
observation in employing the well known Mean Value Anal-
ysis (MVA) formulation [20] to model the mean resporse
time charaderistics of an application. In order to oltain the
mean resporse time for a given level of server al ocation there
are two unknavn model parameters in the MVA method the
average think time Z and the average service time & the
server, 1/p. Using the Interadive Resporse Time Law, and
asauming M1 = M, we can compute Z = M _ R, where X
isthe measured mean overall throughpu of the goplication. We
obtain an estimate of the mean servicetime 1/u by using the
M/M/1 model as follows: p= % + At. We gply exporential
smocthing (smoacthing parameter in the range 0.1-0.5) on
estimates of Z and p to acount for finite sampling effeds and
Java garbage oolledion. We find that under steady workload
condtions, the means of the adual and predicted response
times differ by lessthan 25% for a wide range of customer
popuation sizes and server alocaions.

V1. RESULTS
A. Performance Results without Switching Delay

We first present results for open-loop and closed-loop
systems for scenarios with no switching delays, i.e., newly
asdgned servers are immediately available for processng
workload. The performance measure is total SLA revenue per
allocaion dedsion summed owver all three gplications. For a
variety of initial model-based pdicies, we compare the initial
palicy performance with that of its correspondng hylrid RL
trained pdicy.
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Fig. 2. Performance of various drategies in open-loop zero-delay scenario.

The results from the open-loop and closed-loop systems are
shown respedively in Figures 2 and 3. The percentage figures
denate relative improvement of hybrid RL pdlicies over their
correspondng initial queuing models. (For the random initial
palicies, such percentages are shown in bradets as they have
dukious meaning in our opinion.) The aror bars dencte 95%
confidence intervals for the reported values; this cdculation
does nat refled the nealy identicd demand traces used in

eat experiment. To address this fador we dso performed
paired T-test when comparing the hybrid RL results with ead
correspondng initial palicy.

In the open-loop case we examine threeinitial palicies: our
open-loopmodel with exporential smocthing o the estimates
of u (with asmoathing parameter of 0.1), the open-loopmodel
without smoathing, and for a baseline comparison, a uniform
randam all ocation pdicy. We see substantial improvement of
ead hybrid RL trained pdicy over its correspondng initial
pdicy in bah relative and absolute terms. For eah of the
three pairs of experiments, we can rejed the null hypahesis
that there is no dfference between the means of the two
performance measures using paired T-test at 1% significance
level with P-value < 1076,
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Fig. 3. Performance of various drategies in closed-loop zero-delay scenario.
(The randam pdlicy performance lies off the scde & -23.0.)

In the dosed-loop case we ajain examine arandam initial
policy, whose average utility score of -23.0 lies off the scde,
plus four different queuing model padlices. The best model,
QModel4, is our MVA approach with exporential smooth-
ing wsed to estimate austomer think time, governed by a
smoothing parameter of 0.1. QModell is the MVA approach
with smoathing turned off. QModel2 uses the same model
as QModel4 bu predicts cumulative future utility instead of
immediate utility. Since the model’s predicted utility is seady
in al future time steps, we acomplish this by rescding its
utility estimates by 1/(1—y) with y= 0.5 identicd to the
discourt fador used by RL. By examining such a model we
addressthe isaue of whether RL obtains an advantage over the
gueuing models merely by estimating future reward instead of
immediate reward. QModel3 uses the parallel M/M/1 model
designed for the open-loop scenario, which ougtt to be wholly
inappropriate here, but nonethelessprovides an interesting test
of training hylrid RL with a subogtimal initial model.

Once ajain we find substantial improvement of hybrid RL
over eadh initial pdlicy. In particular, the improvement over the
randam padlicy is enormous, while the improvement over the
gueuing models is consistently at a doule-digit percentage
level with high statisticd significance (rejeded ead nul
hypahesis using peired T-test at 1% significance level with



P-value < 4 x 1079),

Our general observations regarding the experimentsin Fig-
ures 2 and 3 are & follows. First, our hybrid RL approach to
palicy improvement clealy works quite well in this domain.
Seoond our results are generaly in acordance with prior
studies of pdlicy iteration, where one typicdly finds large
improvement starting from wedk initial policies, and pro-
gressvely smaller improvement starting from stronger initial
padlicies. Third, we have obtained several insights as to how
the queuing model estimates lead to subogtimal all ocations,
and how the RL trained neura nets are &le to do letter:

One important fador is that the RL nets lean to diredly
estimate expeded utility (i.e. SLA revenue), wheress the
gueuing models do so indiredly, by first estimating response
time, and then estimating revenue using the SLA payment
function. We find that both open-loopand closed-loop gueuing
models tend to overestimate the impad of server additions or
subtradions on current resporse time. Sincein most cases the
applicaion’s current state corresponds to low resporse time
and high uility, the estimation error will be considerably worse
for removing servers than for adding servers, due to much
flatter Slope of the SLA function in the latter case. As a result
the Trade3 applications tend to be dightly overprovisioned
on average. However, the RL nets, by leaning to estimate
utility diredly, are ebleto achievelesshiased estimation errors.
This leals to the Trade3 applications recaving sightly fewer
servers on average, with a dight loss of Trade3 revenue, but
the lossis more than made up by substantially greaer Batch
revenue. In terms of applicaion performance metrics, hybrid
RL poalicies typicdly obtain much better Batch throughpu
with littl e degradation in Trade3 response time. For example,
after training onthe best open-loop queuing model in Figure 2,
hybrid RL obtains a 12.7% improvement in Batch throughpu
while mean Trade3 resporse time only increases by 2.6%.

Ancther important fador is that our stealy-state queuing
models are unable to take dynamicd effeds into acourt
(athoughmore sophisticaed models could do so). However,
the RL nets are able to take into acournt dynamic effeds such
as transients and switching delays, and pcsshbly even implicit
predictability of future demand in a aurrent state, by leaning
palicies that exhibit hysteresis. We analyze this phenomenon
immediately below in Sedion VI-B.

B. Policy Hysteresis

We illustrate how our RL approach deds with dyramic
effeds by examining a value function trained on data from
a system with no switching delay using ou best open-loop
gueuing model. Figure 4 ill ustrates a portion o the leaned
joint value function, estimating total value summed ower all
three gplicdions as a function o the states and all ocaions
for ead applicaion. The plot shows how estimated total value
varies as afunction o demandin one Trade3 applicaion (T1)
while demand in the other Trade3 applicaion is held fixed at
400 requests per second Eadch curve segment corresponds to
a stable joint alocaion, as indicaed, for which the estimated
value would deaease changing from the indicated all ocaion

100 T T T T T T T T
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!
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Fig. 4. Stable dlocdion pdicies (T1,T2,Batch) in an RL value function.

to any other allocation. The horizontal range of ead segment
denates the range of T1 demand values over which the
alocaionis gable, whil e the y-axis values denote the expeaed
value for this all ocaion, given that the dlocdion is unchanged
from the previous dedsion. The history dependence results
from the delay-aware representation in the Trade3 neural nets,
in which the expeded value depends on bah the previous and
new alocation dedsion.

In the absence of history dependence, clealy there could be
only one stable dlocation at any given level of T1 demand.
However, with history dependencethere can be multiple stable
alocdions a a given demand level, and the adual allocdion
choice would then depend onthe previous alocation.

For example, suppcse the aurrent joint alocaionis (3,5,0)
and the aurrent T1 demand is below 300 requests per seoond,
i.e, to the left of point b in the figure. If T1 demand
then increases dightly past point b, the dlocaion dces not
immediately switch to (4,4,0) but instead remains at (3,5,0).
Thisis because the higher value shown for (4,4,0) would ony
apply if the dlocaion is arealy (4,4,0). When considering
a switch from (3,5,0) to (4,4,0) there would be ancther
estimated value aurve (naot shown), lying below the stable
(3,5,0) curve, incorporating an estimated cost of switching
the dlocaion. The (3,5,0) allocaion would corntinue to be
seleded urtil T1 demand increases past point ¢, where the
estimated value to switch to (4,4,0) exceeals the vaue of
remaining a (3,5,0). Likewise if current alocationis (4,4,0)
and T1 demand drops below paint b, the preferred all ocaion
would be to remain at (4,4,0) until point a is readed, where
the predicted value of switching to (3,5,0) would exceel the
value of remaining at (4,4,0).

The retardation o allocaion switches with resped to in-
stantaneous gystem state is an example of “hysteresis’ in
the dlocaion pdicy, borrowing a term describing physicd
systems with lagged responses. We can identify at least four
medhanisms in our system which would make such hysteresis
beneficial. First, there is the obvious case of switching delays,
when there is a dea and dred cost of reassgning servers,



as they are unable to perform any useful work during the
delay interval. Seaond, there may also be atransient period
of subopgimal performance within an applicaion after servers
are added or removed. We observe that when a newly assgned
server begins processng Trade3 requests, the performanceis
initially sluggsh, presumably due to starting processes and
creading Java threads in WebSphere. There is aso a finite
period o time need to rebalance the load among the new set
of servers. Third, the increased need for resource motivating
a potential switch may be temporary (e.g. due to a short-term
demand fluctuation), leading after switching to a future cost of
immediately switching badk. Fourth, there is the phenomenon
of thrashing, in which removing a server from an applicaion
causes it to increase its reported need for servers, so that the
server is immediately switched bad.

We find evidence in our prototype system that all four of
the &owve phenomena can occur using steady-state queuing
models, and that the simple delay-aware input representation
used by the RL nets enables them to lean hysteretic palicies
that effedively ded with these phenomena. Evidence pertain-
ing to switching delays and thrashing is presented below in
Sedion VI-C.

C. Performance Results with Switching Delay
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Fig. 5. Comparison o delay=4.5 sec with delay=0 results in open-loop and
closed-loop scenarios.

Figure 5 presents a comparison o our zero-delay results,
using ou best open-loop and closed-loop queuing models,
with correspondng experiments that incorporate a switching
delay of 4.5 seconds uponreasdgning a server to a different
applicaion. The delay is asymmetric in that the server is
immediately unavail able to the old application, but does nat
become avail able to the new application urtil 4.5 seconds have
elapsed. We chose the delay to be ahuge fradion o the five
second alocaion interval so that empiricd effeds due to the
delay would be @ clea as possble. We seein Figure 5 that
imposing this delay does in fad substantially harm the average
performance in all cases. However, the anourt of pdlicy
improvement of hybrid RL over its initial palicy increases in
both absolute and relative terms. In the open-loop scenario

the improvement increases from 10.0% to 16.4%, while in the
closed-loop scenario the improvement jumps from 11.9% to
27.9%.

Experiment <nt> | <ont >
Open-loop Delay=0 QM 2.27 0.578
Open-loop Delay=0 RL 2.04 0.464
Open-loop Delay=4.5 QM 231 0.581
Open-loop Delay=4.5 RL 1.86 0.269
Closed-loop Delay=0 QM 2.38 0.654
Closed-loop Delay=0 RL 224 0.486
Closed-loop Delay=4.5 QM 2.36 0.736
Closed-loop Delay=4.5 RL 1.95 0.331

TABLE |
MEASUREMENTS OF MEAN NUMBER OF SERVERS <Nt > ASSIGNED TO A
TRADE3 APPLICATION, AND MEAN CHANGE IN NUMBER OF ASSIGNED
SERVERS < 0Nt > PER TIME STEP, IN THE EIGHT EXPERIMENTS PLOTTED
IN FIGURE 5.

The enhanced pdicy improvement seen abowve provides one
line of evidence that the RL pdlicies effedively ded with
switching delays. Other evidenceof thiscan be seenin Tablel,
which exhibits basic statistics averaged over the two Trade3
applicaions T1 and T2 from the @ght experiments shown
in Figure 5. The quantity <nt>= (<nr1> + <nr2>)/2 is
the average number of asdgned servers, while <ont >=
(<dnt1> + <dnr2>)/2 is the RMS change in number of
assgned servers from one time step to the next. As mentioned
previously, the mean number of servers assgned to a Trade3
applicaionis dightly lessfor the RL nets than for the queuing
models, and there is a further dight reduction for the RL
nets for 4.5 seond delay compared to zero delay. More
importantly, the <ont> statistics reved naticealy less ®rver
swapping when using RL nets compared to queuing models,
with the dfed beamming gute pronourced (>~50% reduc-
tion) in the 4.5 second delay case. We dtribute the reduction
in <&nt> in the latter case partly to greder stickiness or
hysteresis in the RL trained value functions, and partly due to
reduction a elimination o thrashing in overloaded situations.
In fad, massve thrashing uncder very high load appeas to be
the main fador behind the poa performance of the dosed-
loop qeuing model with 4.5 second cEay. In this run, we
found that when ore of the Trade3 applicdions (T1, say)
estimates that it needs sven servers to ohtain high uility, and
T2's estimates fluctuate between neading ore and two servers,
the abiter’s allocaion dedsion for (T1,T2,Batch) will thrash
between (7,1,0) and (1,2,5) leading to huge lossof utility given
the 4.5 seaond switching delay. However, the RL nets trained
on this data set prefer to keegp a steady allocaion o 5 servers
under a heary demand spike, thereby eliminating completely
this particular thrashing mode.

VIlI. CONCLUSIONS

One oontribution o this paper is to devise and demonstrate
successof anew hybrid learningmethodfor resourcevaluation
estimates, combining dsparate strengths of bath reinforcement
leaning and model-based pdicies, within a dynamic server
alocdion scenario applicable to Data Centers. Our hybrid



RL approach nedly takes advantage of RL's ability to lean
in a knowledge-free manner, requiring neither an explicit
system model nor an explicit traffic model, and requiring
little or no damain knowledge built into either its date space
representation o its value function representation. Moreover,
through the use of a simple “delay-aware representation’
including the previous allocaion dedsion, our approach also
naturally handes transients and switching delays, which are
dynamic consequences of redlocaion lying ouside the scope
of traditional steady-state queuing models. On the other hand,
our hybrid approach also exploits the &bility of a model-based
padlicy to immediately achieve ahigh (or at least decent) level
of performance & onas it isimplemented within a system.
By running such a podlicy to oltain training data for RL,
we maintain acceptable performancein the live system at all
times, and avoid pdentially poa performance that would be
expeded using orline RL. We may aso exploit robustness of
model-based pdicies under various types of system changes,
e.g. hardware upgades or changes in the SLA, which require
retraining o the RL value functions. When such changes
occur, we can fall badk on the model-based pdicy to deliver
an acceptable performancelevel which acaumulating a second
training set to be used for RL retraining.

We would aso like to stress however, that it would be
a mistake to view our work solely as a method for server
alocation in Data Centers. Due to the broad generdlity of
RL itself, we view hybrid RL as having pdentialy wide
appli cability throughou many diff erent areas of systems man-
agement. The types of management applicaions holding the
most promise for hybrid RL would have the charaderistics of:
(a) a tradable state-spacerepresentation; (b) frequent online
dedsion making depending upontime-varying system state;
(c) frequent observation df numericd rewards in an immediate
or moderately delayed relation to management adions; (d) pre-
existing pdicies that obtain acceptable (albeit imperfed) per-
formance levels. Clealy there ae agrea many performance
management appli cations having such properties. Amongthem
are dynamic dlocaion o other types of resources, eg.,
bandwidth, memory, CPU dlices, threads, LPARs, etc.. We
would also include performance-based online tuning o system
control parameters, such as web server parameters, OS param-
eters, database parameters, etc.. Finaly, we note that hybrid
RL could conceivably go beyond performance management
to encompass $multaneous management to multiple aiteria
(e.g. performance and avail ability), as long as the rewards
pertaining to ead criterion are on an equivalent numerica
scde.

In future work we plan further investigations of the scda
bility of hybrid RL/function approximation as the goplicaion
state spaceincreases in size and complexity. Spedficdly in
the Data Center scenario, we plan to add several other state
variables (e.g. mean resporse time, mean queue lengths, etc.)
to the RL inpu representation in order to investigate the
effed on training time and sample complexity, as well as
whether further performance improvements can be obtained.
We will also study whether progressvely better performance

results can be obtained via multiple iterations of the padlicy
improvement method It also will probably be necessary at
some point to tackle the isaue of adding exploratory adions
to the initial policy for general usage of hybrid RL, even
thoughit was not necessary in our experiments. Finally we ae
investigating with our IBM coll eagues whether there may be
feasible commercial deployments of hybrid RL, for example,
in WebSphere XD [21] and Tivali Intelli gent Orchestrator [22].
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