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Abstract: This paper proposes a bio-inspired framework for adapting software agents on distributed systems. It is unique

to other existing approaches for software adaptation because it introduces the notions of differentiation, dedif-
ferentiation, and cellular division in cellular slime molds, e.qg., dictyostelium discoideum, into real distributed
systems. When an agent delegates a function to another agent coordinating with it, if the former has the func-
tion, this function becomes less-developed and the latter’s function becomes well-developed. The framework
was constructed as a general-purpose middleware system and allowed us to define agents as Java objects. We
present several evaluations of the framework in a distributed system instead of any simulation-based systems.

1 INTRODUCTION 2 RELATED WORK

Cellular differentiation is the mechanism by which The notion of self-organization is rapidly gaining im-
cells in a multicellular organism become specialized portance in the area of distributed systems. We dis-
to perform specific functions in a variety of tissues cuss several related studies on software adaptation in
and organs. Different kinds of cell behaviors can be distributed systems.
observed during embryogenesis: cells double, change  One of the most typical self-organization ap-
in shape, and attach at and migrate to various sites.proaches to distributed systems is swarm intelligence
We construct a framework for building and operating (Bonabeau et al., 1999; Dorigo and Stutzle, 2004).
distributed applications with the notion of cellular dif-  Although there is no centralized control structure dic-
ferentiation and division in cellular slime molds, e.g., tating how individual agents should behave, interac-
dictyostelium discoideum and mycelium. Itis almost tions between simple agents with static rules often
impossible to exactly know the functions that each |ead to the emergence of intelligent global behav-
of the components should provide, since distributed jor. There have been many attempts to apply self-
systems are dynamic and may partially have malfunc- organization into distributed systems, e.g., a myconet
tioned, e.g., network partitioning. The framework en- model for peer-to-peer network (Snyder et al., 2007),
ables software components, called agents, to differen-and a cost-sensitive graph structure for coordinated
tiate their functions according to their roles in whole rep|ica p|acement (Herrman, 2007) Most existing
applications and resource availability, as just like approaches only focus on their target problems or ap-
cells. It involves treating the undertaking/delegation plications but are not general purpose, whereas dis-
of functions in agents from/to other agents as their dif- triputed systems have a general-purpose infrastruc-
ferentiation factors. When an agent delegates a func-ture. Our software adaptation approach should be
tion to another agent, if the former has the function, independent of app]ications_ Furthermore, most ex-
its function becomes less-developed and the latter'sisting self-organization approaches explicitly or im-
function becomes well-developed. When agents haveplicitly assume a large population of agents or boids.
many requests from other agents, they create their  However, since the size and structure of real dis-
tributed systems have been designed and optimized
to the needs of their applications, the systems have no
room to execute such large numbers of agents.
One of the most typical approaches to self-
organization is genetic programming (Koza, 1992).
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The fitness of every individual program in the popula- We proposed a nature-inspired approach to dy-
tion need to be evaluated in each generation and mul-namically deploying agents at computers in our previ-
tiple individuals are stochastically selected from the ous papers (Satoh, 2007; Satoh, 2008). The approach
current population based on their fitness. However, enabled each agent to describe its own deployment as
since distributed systems may have an effect on thearelationship between its location and another agent’s
real world and be used for mission-critical processing, location. However, the approach had no mechanism
there is no chance of ascertaining the fithess of ran-for differentiating or adapting agents themselves.
domly generated programs. Our framework should

be conservative rather than emergent in the sense that

adaptation caused by the framework must be within 3 BAS|C APPROACH
our prior expectation for reasons of reliability and

availability. _ This paper introduces the notion of (de)differentiation
Many simulation-based approaches for self- iyt a distributed system as a mechanism for adapting
organization for distributed systems have been ex- software components, which may be running on dif-

plored. However, there is a serious gap between ferent computers connected through a network.
real distributed systems and those that are simulation-

based. In fact, a real distributed system is just a com-
plex system so that it is difficult to model or simulate
the system itself.

There have been several attempts to support soft-
ware adaptation in the literatures on self-organizing
properties, autonomic computing, and software en-
gineering. Autonomic computing was initiated by
IBM and has encouraged research on providing self-
organizing properties to systems. Several existing
studies primarily support middleware or higher lay-
ers as models and system architecture in a distributed
computing setting like ours. Bigus et al. (Bigus
et al., 2002) proposed an agent-based toolkit for au-

tonomic systems, where each agent has aclosed—loopNeights where each weight corresponds to the
controller as part of the whole hierarchy of distributed amount,of cAMP and indicates the superiority of its

C?ntrOI'tTBGEOOLT;W?S m}}ende_:d t%custorrllzngroups function. Each agent initially intends to progress all

ofagents but notthe functions inside agents. Jaeger efyq f,ctions and periodically multicastsstraining

al. (‘]aeg,? r ei alc.ségonéntrodglt_:eglthi nopg)n of ?elf— messages to other agents federated with it. Restrain-
organization to and a publish/subscribe sys em'ing messages lead other agents to degenerate their

HoIvogt. et al. (levqet et al., 2009) supported self- functions specified in the messages and to decrease
organizing coordination betw_een agents. These exISt'the superiority of the functions. As a result, agents
ing studies CQUId selec_t and invoke software compo- complement other agents in the sense that each agent
nents according to their context, but they could .nOt. can provide some functions to other agents and dele-
adapt softwa.re _components themselves. Georg'.ad'sgate other functions to other agents that can provide
et al. (Georgiadis et al., 2002) presented connectlon-,[he functions
based architecture for self-organizing software com- '

onents on a distributed system. Like other soft-
\F/)vare component architectu?les, they intended to cus-Dedifferentiation. - Agents may lose their functions
tomize their systems by changing connections be- due to differentiation as well as be busy or failed. The

tween components instead of internal behaviors inside @PProach also offers a mechanism to recover from
components. Like ours, Cheng at al. (Cheng et al. such problems based on dedifferentiation, which a
2006) presented an adaptive selection mechanism fofnechanism for regressing specialized cells to sim-
servers by enabling selection policies, but they did not PI€", more embryonic, unspecialized forms. As in the

customize the servers themselves. They also needed€differentiation process, if there are no other agents
to execute different servers simultaneously. that are sending restraining messages to an agent, the
agent can perform its dedifferentiation process and

lye do not intend to deny simulation-based approaches. Nev- Strengthen their less-developed or inactive functions

ertheless, we need a basic model, including parameterse#br again.
distributed systems before simulating such systems.

Differentiation. When dictyostelium discoideum
cells aggregate, they can be differentiated into two
types: prespore cells and prestalk cells. Each cell tries
to become a prespore cell and periodically secretes
cAMP to other cells. If a cell can receive more than a
specified amount of cAMP from other cells, it can be-
come a prespore cell. There are three rules. 1) cAMP
chemotaxically leads other cells to prestalk cells. 2)
A cell that is becoming a prespore cell can secrete a
large amount of cCAMP to other cells. 3) When a cell
receives more cAMP from other cells, it can secrete
less cAMP to other cells.

Each agent has one or more functions with
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Remarks. Each specialized cell type in an organ- (a) Invocation phase Request message

ism expresses a subset of all the genes that constitute Body [Fantion | [Fanctont |
. . . Wi| 5 || Function 1 Function 1

the genome of that species. Each cell type is defined

ool 5]

by its particular pattern of regulated gene expression.

Body
w

!
w2 (Atiribute

part

part

With a few exceptions, differentiation does not in- Agent A Agent B

(b) Progression/Regression phase
Restraining

volves change in the DNA sequence itself. That is to

say, different cells may have different physical char- (2t Jou 5] [Fanton s ——) o,
acteristics, but they have almost the same gene and Atribote - .
-LEl ) : > ger routel [ | [Functionz_|[ 5 |we tioute
this is largely due to highly-controlled modifications A.M o B
gen

in their gene expression. Each agent can explicitly

(c) Differentiated phase

preserve programs for defining all its functions after ______Weldeveloped Lssdoveloped ___
it has been differentiated. W‘EH Funotion 1 | [Function 1][ 4 Jwi
P (]
Agent A Agent B
4 D ESl G N A N D (d) Dedifferentiated phase

Initial weight Initial weight

IMPLEMENTATION

Atribute] v, 7 [ 5 |we [Atribute
The framework was constructed as a general-purpose W B

middleware system and allowed us to define agents i e

as Java objects. The whole system consists of two Figure 1: Differentiation mechanism for agent.
parts: runtime systems and agents. The former is a

middleware SyStem for running at ComputeI’S and the agent and may depend on the performance of the un-

latter is a self-contained and autonomous entity. derlying system, including the processor. Our mech-
anism consists of two phases. The first-step phase in-
4.1 Agent volves the progression of behaviors.

Step 1. When an agenikth agent) receives a request
message from another agent, it selects the behav-
ior (b}‘) that can handle the message from its be-
havior part and dispatches the message to the se-
lected behavior (Figure 1 (a)).

Each agent consists more than one application-
specific function, calledbehaviorpart, and its state,
calledbodypart, with information for differentiation,
calledattribute part. Thebodypart is responsible for
maintaining program variables shared by its behaviors
parts. When it receives a request message from theStep 2. It executes the behavioblf) and returns the
external system or other agents, it dispatches the mes- ~ result.

sage to the behavior part that can handle the messagestep 3. It increases the weight of the behavidf.
The attribute part maintains descriptive information

with regard to the agent, including its own identifier. Step 4. It multicasts a restraining message with the

signature of the behavior, its identifide {and the

42 Differentiation l()be)r;.awor’s weight\(¥) to other agents (Figure 1

Behaviors in a agent, which are delegated from other Note that, when behaviors are invoked by their agents,
agents more times, are well developed, whereas othertheir weights are not increased. The key idea behind
behaviors, which are delegated from other agents lessthis approach is to distinguish between internal and
times, in the cell are less developed. Finally, the agent €xternal requests. If the total of the weights of the
only provides the former behaviors and delegates the@gent's behaviorsy wk, is equal to their maximal to-
latter behaviors to other agents. Each agkithf as-  tal weightW¥, it decreases one of the minimal (and
signs its own maximum to the total of the weights of positive) weights \{* is replaced bywX — 1 where
all its behaviors. The agent has behavidfs . ., b, WA = min(wk, ..., wk) andwk > 0). The above phase
wK is the weight of behavidoK. WK is the maximum  corresponds to the degeneration of agents. Restrain-
of the weight of behaviob}ﬁ The maximum of the  ing messages correspond to cAMP in differentiafion.
total of the weights of its behaviors kath agent must ~ —————— _ _ _
to be less thamv. (Wk > zin=1 Wli()' wherenk —1is0 . When the runtlrne_system. multlcasts mformatlop gbout the
J signature of a behavior in restraining messages, the signisten-
if wKis 0. Thewk may depend on agents. In fat* coded into a hash code by using Java’ serial versioning nmésha
corresponds to the upper limit of the ability of each and transmitted as the code.
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The second-step phase supports the retrogression oft.3 Dedifferentiation
behaviors.

Step 1. When an agentkéth agent) receives a re- Each agentjtth) periodically multicasts messages,
straining message with regardispfrom another  calledheartbeat messagefor behavior b/), which

agent q_th) ’ |t IOOkS fOI’ the behaViOl'g)h], . bi() iS St|” aCtiVated W|th |tS identifier Jo Via the run-

that can satisfy the signature specified in the re- time system. This involves one of either the following
cases.

ceiving message.
Step 2. If it has such behaviors, it decreases their Casel. When an agentk(th) receives a heartbeat

weights (,,...w¥) in its first database and up- message with regard to behavibf)from another
dates the weight) in its second database (Fig- agent (-th), it keeps the weight) of the behav-
ure 1 (c)). ior (b)) in its second database.

Step 3. If the weights ¢, ..., w) are under a spec-  Case2. When an agentkth) does not receive any
ified value, e.g., 0, the behaviorsfy,... bf) are heartbeat messages with regard to behawfy (
inactivated. from another agentj¢th) for a specified time, it

When an agent wants to execute a behavior, even if  automatically decreases the weight of the be-
it has the behavior, it needs to select one of the be-  havior (/) in its second database, and resets the
haviors according to the values of their weights. This weight @vf) of the behaviorlﬁ}‘) to be initial value
involves three steps. or increases the weighwf) in its first database
Step 1. When an agenik(th agent) wants to execute (Figure 1 (d)).

a behaviom; , it looks up the weightwf) of the 5t that the behavidsX is provided byk-th agent

same or companble.beh?wor from its first and and the behaviobi' is provided byj-th agent. The
data.lbase.and the weightg (..., w") of such be- weights of behaviors provided by other agents are au-
haviors g/,..., b from the second databage. tomatically decreased without any heartbeat messages
Step 2. If multiple agents, including itself, can pro- from the agents. Therefore, when an agent terminates
vide the wanted behavior, it selects one of the Or fails, other agents decrease the weights of the be-
agents according to selection functiqﬂﬁ which haviors provided from the agent and then if they have
maps fromak andw! ..., w" to bl, wherel isk or the same or compatible behaviors, they can activate

[ the behaviors, which may be inactivated.

After sending a request message is sent to another
agent, if the agent waits for the result to arrive longer
than a specified time, it selects one of the agents
The approach permits agents to use their own evalu-that can handle the message from its first and second
ation functionsgp, because the selection of behaviors databases and requests the selected agent. If there are
often depends on their applications. Although there is no agents that can provide the behavior that can han-
no universal selection function for mapping from be- dle the behavior quickly, it promotes other agents that
haviors’ weights to at most one appropriate behavior have the behavior in less-developed form (and itself if
like a variety of creatures, we provide several func- it has the behavior).
tions. For example, one of the simplest evaluation
functions makes the agent that wants to execute a be-
havior select thg behavior whose weight ha§ the high- 5 EVALUATION
est value and signature matches the wanting behav-
ior if its first and second databases recognizes one or . .
more agents that provide the same behavior, includingAthough the current implementation was not con-
itself. Since each agent records the time behaviors areStructed for performance, we evaluated that of sev-
invoked and are received the results, it selects behay-6'2! basic operations in a distributed system where

iors provided in other agents according to the average €3Nt computers (:jntezl Core 2 Duo 1.83 GHz Withd
or worst response time in the previous processing.  MacOS X 10.6 and J2SE version 6) were connecte

through a giga-ethernet. The cost of transmitting a
heartbeat or restraining message through UDP multi-
casting was 11 ms. The cost of transmitting a request
3The agentK-th) may have more than one same or com- message between two computers was 22 ms through
patible behavior. TCP. These costs were estimated from the measure-

Step 3. It delegates the selected agent to execute the
behavior and waits for the result from the agent.
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ments of round-trip times between computers. We as- ) Differentiation in two agents
sumed in the following experiments that each agent

issued heartbeat messages to other agents every 100
ms through UDP multicasting. )

Weight
>

5.1 Experiments: Differentiation .
The first experiment was carried out to evaluate the bomee
basic ability of agents to differentiate themselves b) Differentiation in four agents

through interactions in a reliable network. Each agent
had three behaviors, called A, B, and C. The A be-
havior periodically issued messages to invoke its B
and C behaviors or those of other agents every 200
ms and the B and C behaviors were null behaviors.
Each agent that wanted to execute a behavior, i.e.,
B or C, selected a behavior whose weight had the
highest value if its database recognized one or more

agents that provided the same or compatible behav- , ¢ Diferentiationin eight agents :Eﬂﬂii;ﬁﬂg?ﬁggiﬂil
ior, including itself. When it invokes behavior B or C w B Seicion ¢ e
and the weights of its and others behaviors were the ; S incton O nadent3
same, it randomly selected one of the behaviors. We %, //" r A
assumed in this experiment that the weights of the B~ ,|=== A . Lo ) e hacents
and C behaviors of each agent would initially be five . & ESE%{?
and the maximum of the weight of each behaviorand . T Function § i Agent &
the total maximunwk of weights would be ten. T e ’

Figure 2 presents the results we obtained from the gigyre 2: Degree of progress in differentiation-based adap
experiment. Both diagrams have a timeline in min- tation.

utes on the x-axis and the weights of behavior B in
each agent on the y-axis. Differentiation started af- the ability of the agents to adapt to two types of fail-
ter 200 ms, because each agent knows the presenceres in a distributed system. The first corresponded
of other agents by receiving heartbeat messages fromy the termination of an agent and the second to the
them. Figure 2 (a) details the results obtained from partition of a network. We assumed in the following
our differentiation between two agents. Their weights experiment that three differentiated agents would be
were not initially varied and then they forked into running on different computers and each agent had
progression and regression sides. Figure 2 (b) showsfour behaviors, called A, B, C, and D, where the A
the detailed results of our differentiation between four pehavior invokes other behaviors every 200 ms. The
agents and Figure 2 (c) shows those of that betweenmaximum of each behavior was ten and the agents’
eightagents. Theresultsin (b) and (c) fluctuated more total maximum of weights was twenty. The initial
and then converged faster than those in (a), becauseyeights of their behaviorfag, ws,wh) in i-th agent
the weights of behaviors in four are increased or de- were(10,0,0) in the first,(0, 10,0) in the second, and
creased more than those in two agents. Although the(0,0,10) in the third.
time of differentiation depended on the period of in-
voking behaviors, it was independent of the numberof .
agents. This is important to prove that this approach —oFunction B n Agont 1
iS Scalable. 1 ‘_\’_\’_\’_\:_m—v—q—m—m—~—‘ ~#-Function C in Agent 1
Our parameters for (de)differentiation were basi- 8 :
cally independent of the performance and capabilities ;
of the underlying systems. For example, the weights .

Agent 3 terminate

Function D in Agent 1
=>Function B in Agent 2

Function C in Agent 2

Weight
@

Function D in Agent 2

of behaviors are used for relatively specifying the pro-
gression/repression of these behaviors.

Function B in Agent 3
Function C in Agent 3
0 HEETEE Function D in Agent 3

0 1 ) 2 3
Time (s)

5.2 Experiments. Dedifferentiation
Figure 3: Degree of progress in adaptation to failed agent.

The second experiment was carried out to evaluate
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6 CONCLUSIONS Dorigo, M. and Stutzle, T. (2004)Ant Colony Optimiza-
tion. MIT Press.

This paper proposed a framework for adapting soft- Georgiadis, I, Magee, J., and Kramer, J. (2002). Self-

fatr ; ; organising software architectures for distributed sys-
ware agents on distributed systems. It is unique to tems. InProceedings of 1st Workshop on Self-healing

other existing software adaptations in introducing the systems (WOSS'2002)ages 33-38. ACM Press.
notions of (de)differentiation and cellular divisionin o a0 k. (2007). Self-organizing replica placement -

cellular slime molds, e.g., dictyostelium discoideum, a case study on emergence. Rroceedings of 2nd
into software agents. When an agent delegates a func- IEEE International Conference on Self-Adaptive and
tion to another agent, if the former has the function, Self-Organizing Systems (SASO'200%3ges 13-22.
its function becomes less-developed and the latter’s IEEE Computer Society.

function becomes well-developed. When agents haveHolvoet, T., Weyns, D., and Valckenaers, P. (2009). Pat-

; terns of delegate mas. IRroceedings of 4th IEEE
(rjnaaLnyh :s:q;e:tr]stsfroTr?] 90;:1:[:] :v?/grlzsv,v ;Qi%r?;fritg[;gi; International Conference on Self-Adaptive and Self-
9 gents. Organizing Systems (SASO’200@pges 1-9. IEEE

a middleware system on real distributed systems in- Computer Society.

stead of any simulation-based systems. Agents canjaeger, M. A., Parzyjegla, H., Muhl, G., and Herrmann,

be composed from Java objects. K. (2007). Self-organizing broker topologies for pub-
In concluding, we would like to identify further is- lish/subscribe systems. Proceedings of ACM sym-

sues that need to be resolved. We did notintendtouse ~ Posium on Applied Computing (SAC'200Hages
any simulation-based approaches, because the perfor- ~ >43-590. ACM Press. o
mance of software adaptation on distributed systems K0za. J. (1992).Genetic Programming: On the Program-

greatly depends on the systems and the demands of mﬂgpfés?mpmers by Means of Natural Selection

their applications. It is almost impossible to simulate Satoh, 1. (2007). Self-organizing software components in
such systems accurately. After we evaluate software distributed systems. IRroceedings of 20th Interna-

adaptation with this framework on real distributed tional Conference on Architecture of Computing Sys-
systems, we plan to construct a simulation system tems System Aspects in Pervasive and Organic Com-
based on the results. Our software adaptation mech-  puting (ARCS'07)volume 4415 ofLecture Notes in

Computer Science (LNC3)ages 185-198. Springer.

anism depends on selection functions, but from our ook )
Satoh, I. (2008). Test-bed platform for bio-inspired dis-

evaluations we knew that there was no universal func- tributed systems, IRroceesings of 3rd International
tion. Nevertheless, we plan to refine and extend selec- Conference on Bio-Inspired Models of Network, Infor-

tion functions. mation, and Computing Systems

Snyder, P. L., Greenstadt, R., and Valetto, G. (2007). My-
conet: A fungi-inspired model for superpeer-based
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