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Abstract—The doice of a good annealing schedule is necessary
for good performance of simulated annealing for channel routing
and other combinatorial optimization problems. In this paper, we
propose a new means of controlling annealing temperatures by
posing the simulated annealing task as an optimal control
problem and applying the techniques of reinforcement learning.
Although many means of automating control of annealing
temperatures have been proposed, this technique requires no
spedfic knowledge of the problem and provides a natural means
of expressng time versus quality tradeoffs.

Index Terms—Iearning systems, optimization methods, routing,
simulated annealing.

I. INTRODUCTION

IMULATED anneding (SA) [6] is a technique for

combinatorial optimization that is inspired by analogy to
the @wading and freeing of liquids. A slowly cooled metal
reades a more orderly, lower-energy state than one that is
cooled rapidly or “quenched”. With SA, seach in a date
gpace varies with a “temperature” parameter from a fredy
random walk to a stochastic locd optimization. In this paper,
we focus on the how one car automaticdly lean control of the
temperature parameter. For further badkground realing on
SA, we recommend [6] and [9]. The basic SA algorithm can
be described as foll ows:

Pick aninitia state s.
While cdlingtemperature T acmrdingto a given schedule:
1. Generate anext state s’ .
2. Compute AE = E(s") — E(s), the change in energy.
3. If AE<O, accet the next state (s=¢5').
4, Otherwise, accet the next state with probability
e “5%T where k isBoltzmann's constant. *

Return the state s* that minimized E .

To apply SA, the user must make four design dedsions: (1)
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Yn  pradice, Boltzmann's constant
implementation.

is often omitted from the

the state representation, (2) the next state generation function,
(3) the energy (or objedive) function, and (4) the coding or
anrealing schedule. The succesdul application of SA often
depends on good choices for ead of these. Although (2)-(3)
present interesting challenges of their own, we here focus on
(4), the anneding schedule. In the more general case where
the temperature is controlled dynamicdly, we refer to this as
anneding control.

In their paper [6], Kirkpatrick et al. note the importance of
the aaneding schedule. They define a“spedfic hea” function
for their circuit layout problem, noting that it “...can be useful
in pradice & a means for determining the temperature ranges
in which the important rearangements in the design are
occurring, where slower codling [will] be helpful.” Indeed,
the paper goes on to show that different combinatorial
optimization problems cdl for different anneding schedules
that change the rate of coalingin spedfic temperature ranges.

Many anneding schedules are still chosen throughtrial and
error, but the spaceof possble aneding schedulesis vast, and
a user's each is generaly limited and tedious. It would be
preferable to automate aneding control and focus attention
on the other dimensions of design. To this end, reseachers
have propased numerous ways to automate anneding control.

For example, Otten and van Ginneken [8] developed a
theory for anneding in the framework of Markov chains.
Unfortunetely, the gplicaion of their theory requires the user
to know the size of the state space ad the number of global
optima. While the state spacesize is difficult to estimate for
most problems, one rarely expeds to have knowledge of the
number of global optima. Techniques sich as these require
too much knowledge of the state space

Many means of controlling anneding (e.g. [1], [2], [5], [7])
provide ways to speed coaling and trade off the quality of the
result for computational time. This tradeoff of time versus
quality of result is fundamental to the gplicaion of SA.
However, no method to date deds explicitly with the time
versus quality tradeoff.

In this paper, we introduce ameans of controlli ng anneding
that requires no knowledge of the state space and all ows the
user to be eplicit about time versus quality tradeoffs. Thisis
acomplished by first posing SA as an optimal control
problem, and then applying the techniques of reinforcement
leaning [11] to approximate a solution to the Bellman
optimality equations. In effed, the dgorithm “leans’
anneding control through anneding experience.  Our initial



results demonstrate the pradicdity of this technique in the
context of VLSI channel routing.

In sedion Il, we pose SA as an optimal control problem.
Next, we discuss posshble designs for the anneding agent in
sedion Ill. The empiricd study of sedion IV compares the
performance of one anneding agent's control to two cther
manually-tuned anneding controllers. Finaly, we seek to
placethe significance of the results in a broader perspedive.

Il. OPTIMAL ANNEALING

At a metalevel, we view ssimulated anneding (SA) design
itself as an optima control problem where the anneding
controller receves a wntrol input signal describing the SA
process and transmits a control output signal prescribing how
the process $ould proceal. The performance index or
objedive function to be optimized for the wntroller is the
expeded utility of the SA result (i.e. the returned state).
Although there ae other design dedsions that affed the
performance of SA, we only consider the doice of this
anrealing controller. Our goa is to seek an anneding
schedule/controller that varies temperature in such a way as to
maximizethe expeded utility of the SA result.

The utility of the SA result to the user may in adudity be
very complex and impossble to predict. However, we note
that two central considerations are (1) the utility of the quality
of the result of SA (e.g. in terms of conserved space money,
etc.), and (2) the utility of the time it takes to compute such a
result. Put smply, each iteration o simulated anrealing
offers a paential gain of qudity with a definite lossof time.

The measure of result quality, cdled the intrinsic utility
function [10Q], should be mnsidered dstinct from the state
energy (a.k.a. objedive) function of SA. Whileintrinsic utility
may be afunction of energy, they serve two different purposes.
A result of SA may not have awy intrinsic utility urtil its
energy croses a cetain threshold. The energy function, by
contrast, can and should provide guidance in seaching the
state space We denote the energy and intrinsic utility of the
seach state s to be E(s) and U, (s) respedively. The time

cost function is denoted TC(t) where t is elapsed SA time.
Let s bethe aurrent seach state of a SA processat time t.

Let s =argminE(s,) denote the minimal energy state s

S, O£t Et
visited up to time t. Then the net utility U(s;,t) of a SA

process a time t is U, (s)- TC(t). If we mmpare the net
utility of a SA processat two dfferent times t, and t,, then the

utility of the SA processfrom t, to t,is U(s ,t,)- U(s.t,) .

The aneding agent may choase between iterations how to
proceal with anneding. We cdl ead of the anneding agent
control signals an annealing action. An anneding adion may
dictate a temperature ntrol policy and the duration (i.e.
number of iterations) of that policy. Another important
anneding adion is to terminate the SA process An anneding
agent monitors the state of the SA process and dreds its
progressor termination.

Optimal control of anneding would then be an agent
producing a sequence of anneding adions that maximize
expeded utility. Thus, learning optimal control of anneding
entails sme form of seach among mappings from anneding
states to anneding adions for one that approximates optimal
control. This invites us to employ pdicy evaluation and
improvement techniques of reinforcement leaning [11].

I1l. THE ANNEALING AGENT

The anneding agent is essentialy an adaptive mapping from
the anneding states to anneding adions. Over time, the agent
seeks to maximize its expeded reward. We nsider
posshiliti es for ead of these in turn.

A. Sates

One oould represent the SA process as a Markov dedsion
procedure (MDP) based on ead seach state s,. To condition

our dedsions on adua states of the seach space requires
knowledge of the state space(i.e. domain-spedfic knowledge)
that would make our technique lessgeneral. We instead opt,
as with other automatic annealing controllers, to approximate
optimal control by use of an approximating MDP. In other
words, we base our MDP on an abstradion of the aurrent state
of the SA processitself and consider only the most important
domain-independent feaures auch as time t, temperature T,
or energy E(s). Many other measures such as an

approximation of spedfic hea at a given temperature or
various Markov chain statistics could aso summarize
important feaures of the SA process

B. Actions

Between SA iterations, the aneding agent may choose
whether and how to proceel with anneding. This includes
both an anneding pdlicy and the duration of that palicy. For
example, an agent may dedde to perform 1000 iterations of
anneding at a spedfic fixed temperature. It may instead
dedde to perform 100 iterations with a fixed temperature
deca rate. The ggent may also dedde to raise the temperature
for aperiod?, or may dedde to terminate the SA process

While it is possble to have the aaneding agent choose a
temperature for ead iteration of simulated anneding, this is
unrecessry and introduces dgnificant  computational
overhead. This is dedsion-making at a fine-grained extreme
where dl anneding schedules can be expressed. At the same
time, we have a vast space of potential SA state-adion
mappings to consider, posing problems for leaning. As we
make our dedsion-making more marse-grained, we reduce
both the difficulty of leaning and the quality of the
approximation.

C. Rewards

A reinforcement leaning agent seeks to maximize its
expeded reward over time. Thisreward isreceved iteratively
after ead adion. After choosing an adion a in state s at
time t,, the agent receves at time t, a new state s¢ and an

immediate reward r .

2 Allowing what is call ed simulated tempering



The aneding agent's reward simply refleds its gain in
utility: r=U(s; ,t,)- U(s;.t;). In reinforcement leaning,

the agent will thus ek to maximizethe expeded utility of SA
over time. How well it i s able to doso depends on the choice
of dtate representation, adions, and algorithms applied to
leaning the optimal behavior of the given MDP.

IV. EXPERIMENTAL RESULTS

We now compare the performance of the optimal anneding
schedule found by our anneding agent with two manually-
tuned schedules: a geometric schedule and Boyan's modified
Lam schedule. All three schedules were tested with Deutsch©s
difficult example (DDE) [4], a dalenging, well-known
benchmark problem. We represent channel routing state and
energy acwrding to [13] with an assumption of restricted
doglegging. Initialy ead ret (i.e. set of conneded pins) is
assgned to its own horizontal tradk or group. Next states are
generated by randomly reassgning portions of these nets to
different groups. All SA trias in our experiments thus dare
the same initia state and search stochasticaly for a minimum
energy state.

For our measure of net utility U(s,t), we must define

U, (s) and TC(t). For simplicity, welet U, (s) =- E(9), i.e.
the number of horizontal tradks negated, and
TC(t) =.0005 iter(t), where iter(t) is the number of

iterations completed at time t. This latter choice dlowed us
to compare results from machines with different CPU clock
speads. Note that one is not limited to such simple choicesin
our framework.

A. Geometric Schedule

The first anneding schedule we experimented with was the
geometric schedule where the temperature is multiplied by a
fixed decy rate dter ead iteration. Thus the schedule is an
exponential deca/ to temperature O spedfied by the initial
temperature, the decay rate, and the number of iterations. This
schedule gpartions its temperatures evenly aaoss orders of
magnitude.  Without knowledge of important temperature
regions, thisis areasonable naive schedule.

A good choicefor an initial temperature ca be computed by
sampling initial states and computing the standard deviation
s of the DE's. Then, acaording to [5] and [12], the initia
temperature T, = 2G5 all ows acceptance of amost all DE one

encounters in the first iterations of anneding.  Since d of
these tests are performed with the same initial state, we
sampled random walks from the initia state before eab run.
A typicd T, value was 60.

Beginning with 10000iterations and a deca rate of .95, we
manually tuned these parameters using an experimental
technique best described as diredion-set optimization without
diredion updates: vary and ogimize eab parameter in turn.
Since this is a stochastic function, we performed 50trials for
ead parameter setting. After some initial experimentation, it
was determined that 7000 iterations and a decg rate of .75
were good choices. Thisis commonly referred to as simulated
quenching since the temperature drops quickly. For Figure 1,

we fixed the number of iterations at 7000 and varied decyy,
and ran 50 trials for ead decgy rate. All figures srow means
and 90% confidence intervals from bodstrapping with 10000
resamples.

Mean Rewards for 7000 Iterations

w w w (]
N B (=2 00
T T T 1

w
(=]
T

Mean reward given 0.0005 units per iteration
N N N N
N N o [e¢]
T T T T

n
(=]
T

0.7 0.8 0.9 1

18 I I I I
0

Il Il
0.1 0.2 0.3 0.4 0.5 0.6

Decay factor
Fig 1. Geometric schedule net utility varying decay rate.

From this data, we ohserve aplateau indicating that there is
littl e difference in the quality of decay rates from .55 through
.95. The best of these was .75.

For Figure 2, we varied the maximum number of iterations
for the decay rates .75 and .95, and ran at least 350trials for
ead decay and number of iterations.
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From the data of Figure 2, we observe that both decey rates
perform best from 6000to 8000iterations, pe&king dightly at
6000iterations. The performance differencefor the two decey
ratesin thisrangeis gatisticdly insignificant.

Using a deca rate of .75 with 6000iterations for 500 trials,
the mean et utility of SA was 35.64 with a 90% confidence
interval from 35.55t0 3570.



B. Modified Lam Schedule

The Modified Lam (MLam) schedule described in Boyan’s
thesis [2] dynamically adjusts the temperature in order to track
with a target acceptance ratio function. This ratio starts at 1.0
and decreases to .44 after 15% of the iterations and holds at
.44 until 65% of the iterations. Then it drops exponentially to
0.

The Boyan thesis experiments used 500,000 maximum
iterations but this would guarantee negative reward values
given our cost per iteration. Thus, we varied the number of
iterations logarithmically and gave each value 50 annealing
runs. Figure 3 demonstrates that the optimal number of
annealing iterations peaks near 10,000 iterations.
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Fig 3. MLam schedule net utility varying iterations.

Using the MLam adaptive schedule for 10000 iterations for
500 trials, the mean net utility of SA was 33.18 with a 90%
confidence interval from 33.09 to 33.27.

C. LSTD Annealing Agent Schedule

The LSTD Annealing Agent is based on Boyan’s least-
squares temporal-difference (LSTD( A )) learning algorithm of
[3] with A=.5. One of LSTD learning’s strengths is that it
makes relatively efficient use of its learning experiences. This
strength is particularly important for our application, where
gaining experience is computationally expensive.

The agent has two types of actions: choose a decay rate for
the next 1000 iterations, or terminate annealing. Decay rates
were limited to the range [.9, .9999]. The agent was & -
greedy with € =.1. That is, the agent took a random action
10% of the time and pursued what it had learned to be the best
action 90% of the time. This is a simple means of balancing
exploration versus exploitation. The best ‘greedy” action was
chosen by first querying its internal state-action utility
estimation function given the current state and each of four
decay rates distributed logarithmically (i.e. {.9, .99, .999,
.9999}). If the best state-action estimation is negative, the
agent believes it has reached a point of diminishing returns,
and the termination action is chosen. When taking random

actions, termination is chosen 20% of the time, with a random
logarithmically distributed decay rate chosen 80% of the time.

The state of the SA process was represented simply as the
current temperature and iteration number. Thus, the agent
learns to map temperatures and iterations to decay
rates/termination. The state-action utility estimation, or Q-
function, is implemented as a tile-coding memory [11] with 5
tilings. Each tiling had 5 partitions each for temperatures,
iterations, and decay rates. Temperatures and decay rates were
partitioned logarithmically.

Learning consisted of running the agent for over 4000 SA
runs. Periodically, the state of the tile-coding memory was
logged. Afterwards, we ran 500 trials with the agent acting
100% greedy at each stage of its learning, thus showing the
progression of the agent’s performance. Results are shown in
Figure 4.
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The initial run of annealing happens to largely quench and
gives an early bias towards this behavior. Recall that the agent
issues a random annealing action 10% of the time. After only
8 runs of SA that explore a variety of schedules, the LSTD
agent prefers a quenching policy. At that point the agent
prefers to quench maximally with a decay rate of .9 for 8000
iterations. After 64 runs, it has refined its policy so as to
maximally quench for 6000 iterations. Performance varies only
slightly across the remainder of the runs as the agent gains new
experiences and modifies its utility estimates for various
annealing schedules. After 4096 learning trials, the LSTD
agent had learned an annealing schedule with a decay of .9 for
6000 iterations. Using this schedule for 500 trials, the mean
net utility of SA was 36.42 with a 90% confidence interval
from 36.33 to 36.50.

V. DISCUSSION

The LSTD agent had the highest mean net utility of 36.42.
The manually-tuned geometric schedule’s performance was a
close second with a mean net utility of 35.64. What is of
particular interest is the fact that the LSTD agent learned



esentialy the same quditative behavior with a small fradion
of the experimentation.

As we view this result criticdly, we note that thisis only one
leaning trial. However, two other leaning trials that
terminated prematurely due to various technicd difficulties all
showed the same qudlitative behavior. Perhaps the extreme
behavior of optima quenching may be eaier to lean. Even
so, it is very interesting that the agent managed to tune the
duration of anneding so well so quickly. It should be noted
that the gent's control adions could approximate a wide
variety of optimal anneding schedules.

In comparing the LSTD agent with the MLam schedule, we
see that it is clealy superior. The parameters of MLam's
target acceptance rate made it unsuitable for quenching. While
we trust it is, as reported, a very good schedule for a variety of
combinatorial optimization problems run for hurdreds of
thousands of iterations, it does not seen to provide the best
schedule when computational time costs are high.

These preliminary results $ow grea hope for the auitomated
leaning of different anneding schedules for different classes
of optimization problems under different assumptions of
overall utility.

We believe that this approach also presents promise for the
wider classof optimization methods that rely on various forms
of relaxation. When an optimizaion process must gradually
change its behavior over time, the question inevitably arises
regarding how quickly the behavior should change. Often
experimentation and tuning are left as arcane ®lad arts® and
thus prone to misapplication. We hope that such tuning will
incressingly be performed autonomously so that we can fully
redizethe potential of such techniques.

V1. CONCLUSIONS

The LSTD Anneding Agent was able to autonomously find
an anneding schedule in lessthan an hour of computation that
excealed the performance of manually-tuned schedules from
over 30 hours of experimental computation. As an initial
result, thisis very encouraging, but further experimentation is
required to understand its performance for different problems
and utility assumptions.

What is perhaps the most important contribution of this
work is a new approach to the design of anneding schedules.
Currently, praditioners will often perform tedious, ad hoc
experiments, inevitably introducing human error and bias. By
pladng this burden of experimentation onto an urtiring,
principled, exad, and unbiased autonomous agent, we make
simulated anneding that much easier to apply.

Further, most adaptive, autonomous anneding methods
provide no explicit means of expressng the utility of time
versus qudity of result. To pose anneding as an optimal
control problem where time and quality are explicitly placed in
tension is, we believe, abetter way to frame the problem.
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