N3KYCTBEH UMHTEeNEeKT

Tema 3:
UHTesIMreHTHM areHTm




" A
CbAabpikaHue

m AreHTM N OKOJ1eH CBAT
m PayuMOHANHOCT

m Msapka 3a eeKTUBHOCT (Performance measure),
OkoneH cBAT (Environment), AKTyaTopu, CeH30pu

m [MNoOBe OKOJIHa cpeaa
m [MNOBE areHTu"

npod. T. NaHueB, NN, 2023/2024 2



" A
AreHr

m [ledbnHnumnga 3a areHT ?
m HoBeK : Bb3MNpUATUA, aKTyaTopu
m Po60T : Bb3NpUATUA, aKTyaToOpWU

actuators

npod. T. NaHueB, NN, 2023/2024 3



"

AreHr

m KakBO MOXe Aa nNpaBu BCEKU areHT?
— Bb3npunema oKONHUA CBAT U U3MbJIHABA AEUCTBUS.

m Kak cTaBa ToBa?
— Bb3npnemMa OKO/THUSA CBAT UYpe3 CEeH30pH,

- IHTepnpeTnpa nHdpopMaumsaTa Bb3 OCHOBA Ha
3HaHWE U MHpOopPMaLIMA 3a KOHTEKCTA

— U3MN013Ba MAPKa 3a YCMELWHOCT, MOAENN U
CTpaTernm 3a Aa B3eMa peLleHus,

— pelleHunsaTa ce npunaraT ypes3 AencTBuUA.

npod. T. NaHueB, UU, 2023/2024 4



" A
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" A
AreHr

[f: & > A]

[lporpamaTta Ha areHTa ce M3nbJIHSBa C NOMOLUTA Ha Xapayep
3a Aa ce peanusnpa dyHkuuaTa

agent = architecture + program
KoeTo BCbLLHOCT Cce cBexXxaa Ao

areHT = xapayep + codTyep

npod. T. NaHueB, NN, 2023/2024 6



" A
iIRobot: aBTOMaTMyYHa npaxocMyKaJdka

|

)




" JAE
IRobot: aBTOMaTYHa npaxocMyKaudka

SO Sa2®
0930 0950

Figure 2.2 A vacuum-cleaner world with just two locations. Each location can be clean or
dirty, and the agent can move left or right and can clean the square that it occupies. Different
versions of the vacuum world allow for different rules about what the agent can perceive,
whether its actions always succeed, and so on.

m Bb3npumnatnsa: mectonosioxeHne n CbabpXXaHue,
e.d., [A, MpbCHO]
m [lencrteusa: Jisso, AacHo, 3acmykBaHe, NoOp

npod. T. NaHueB, UA, 2023/2024 8



" A
iIRobot: aBTOMaTMyYHa npaxocMyKaJdka

m PaLMOHANIHO noBeaeHme: ToBa KOEeTOo
MaKCUMMN3Npa NOCTUraHETO Ha 3aJioXKeHaTa uen,
Npu HaJiIM4HaTa KbM MOMeHTa MHdopmMaLuns.

m [IpaBuWSIHO € TOBa KOeTo BOoAM KbM ycnex!!!

m Mapka 3a ycnewHocT: O6ekTUBEH KpUTEPUN 33
YCMNEeLwWHOCT Ha NOBEAEHMETO HA areHTa

3a NpaxocMyKaykaTa:
KOJINYECTBOTO U3SHUNCTEH MMpax,
BPEMETO KOETO € OTHEIJIO,
n3pasxoJBaHaTa efIeKTPoeHeprus,
KOJIMYEeCTBOTO LWyM, U Ap.

npod. T. NaHueB, NN, 2023/2024 9



" A
PauuMoHaJieH areHT

m PauMOHaANeH areHT:

3a BCsIKa Bb3MOXHA NOCAeA0BaTENHOCT OT Bb3NpUATUSA,
pPaLMOHAaNHNA areHT Wwe n3bepe AeNCTBUE KOETO Ce
oyakBa Ja MakCcuMmManpa usbpaHaTta MapKa 3a
YCMELWHOCT, KaTo ce B3eMe B NnpeaBui HannyHaTa Ao
MOMeHTa MHdOpPMaUMsa N BCIKO APYrO HAaJIMYHO 3HAHMKE
no npobsieMa, KOETO areHTa MMa Ha pPas3nosIoXKEeHUE.

m PaunmoHasieH areHT He e areHT, KOUTO 3Hae BCUYKO,
T.e. C 6e3kpanHO 3HaHue!

npod. T. NaHueB, NN, 2023/2024 10



" A
PaLuuMOHaJieH areHT

PauMOHANeH areHT:

m AreHTbT MOXe Aa npeanpvemMa AencTBus 3a Aa
Moanuumnpa 6baewm Bb3NpUATUS 3a Aa Noayym
nonesHa nMHdpopmaumnsa (cbop Ha nHpopMmaum4,
n3cnenBaHe)

m AreHTbT € aBTOHOMEH ...

m ...aKO NOBeJEHUETO MY Ce onpeaens oT cobcTBeHuUs
MYy OMUT, CMOCOBHOCTTa My Aa Ce yuyu 1 aganTtumpa.

PaumMoHaneH areHT:

For each possible percept sequence, a rational agent should select an action that is ex-
pected to maximize its performance measure, given the evidence provided by the percept
sequence and whatever built-in knowledge the agent has.

npod. T. NaHueB, UA, 2023/2024 11



" J
PEAS

PEAS (Performance measure, Environment,
Actuators, Sensors)

Mapka 3a epekTnBHOCT, OKoJsieH CBAT, N3MbAHUTENHU
MexXaHun3Mun, CeHsopwu

[Tpnumep:

ABTOMaATUUEH LWWOMPbOPp Ha TaKCu

Performance measure? (Kputepuun, nameputenm)
Environment? (okoneH CBAT)

m Actuators? (M3NbAHUTENHU MeXaHU3MN)

m Sensors? (ceH3opu)

npod. T. NaHueB, NN, 2023/2024 12



"

PEAS

m ABTOMaATU4eH WOoMbOp HA TaKCWU:

Agent Type Performance  Environment  Actuators Sensors
Measure

Taxi driver Safe, fast, Roads, other Steering, Cameras, radar,
legal, traffic, police, accelerator, speedometer, GPS, engine
comfortable pedestrians, brake, signal, sensors, accelerometer,
(rip, maximize customers, horn, display, microphones, touchscreen
profits, weather speech
minimize
impact on
other road
users

Figure 2.4 PEAS description of the task environment for an automated taxi driver.

npod. T. NaHueB, UA, 2023/2024 13



"

PEAS

[Tpumep: MegnumHCKa AMarHOCTUYHA CUCTEMA

Agent Type Performance Environment Actuators Sensors
Measure
Medical Healthy patient, Patient, hospital, Display of Keyboard entry
diagnosis system reduced costs staff questions, tests, of symptoms,
diagnoses, findings, patient’s
treatments, answers
referrals

npod. T. NaH4eB, UA, 2023/2024 14



" J
PEAS

[MpuMmep: Pob0T 3a copTnpaHe/npeHacssHe Ha 4YacTu
m Mdpka 3a yCnewHoCT:

[MpOLEHTBLT OT YAaCTUTE NOCTAaBEHM B NMpaBUIHUTE KOLLOBE
(copTnpaHun NMpaBuJIHO)

m OKONeH CBAT:
KoHBenepHaTa neHTa C 4aCTu, KOHTEMHEPU 33 YaCTU

m AKTyaTopMu:

PbKa ¢ MHOro cteneHun Ha ceoboaa (cTtaBu) 1 rpunep
(MexaHu3bM 3a 3axBallaHe)

m CeH30pu
KaMepa, ceH30pu 3a brJIOBO NpeMecTBaHe U CKOPOCT Ha

CTaBuUte N No3numndTa rll-lp%q)c;'ll'.q.%ml'le'g mm%gmgﬂa \s



" J
PEAS

[MpuMep: UHTepakKTUBEH yuynuTen no aHrMUNCKN e3nkK

m Mdapka 3a yCnewHOCT:
Pe3yntatuTe Ha CTyAeHTUTE Ha TecTa
(YBenunyeTte MakcnumasnHo!)
m OKoJieH CBAT:
[[pyna CTyaeHTHU
m AKTyaTopMu:
Avcnnen (ynpa)XHeHuns, npensioXXeHus, Kopekumm)
m CeH30pwu:
KnaBuaTtypa, MULLKA

npod. T. NaHueB, NN, 2023/2024 16



" A
TunoBe OKOJIHa cpeaa

m HanwbnHo Habnwaaema (vs. 4YacTUYHO Habnwgaema):
CeH30puTeE Ha areHTa nMaT AOCTbN TO USAOCTHOTO
CbCTOSIHME Ha cpefiaTa BbB BCEKUM MOMEHT OT BPEMETO.

m [letepMmmHuctnyHa (vs. stochastic):

CbCTOSSHUETO Ha cpeaaTa € Hanb/IHO ONpPEeAesIEHO B PAaMKUTE
Ha BCAKO CbCTOSIHME [AeNCTBUATA Ha areHTta. AKo cpeaaTa €
NETEPMUHUCTUYHA C U3KJTIIOUYEHUE HA AENCTBUSATA HA APYrU
areHTW To cpeaaTa e CTpaTernyecko

m EnmnsognyHo (vs. sequential):

OnMuUTBT Ha areHTa e enn3oanyeH — BbB BCEKU enn3of
areHTa Bb3Mnpuema u cnen ToBa M3nbJIHSABA e4HOo
eAnHCTBEeHO aencteme. N36opbT Ha AencTBMe 3aBUCU CaMo
OT KOHKPETHUS enn3oa.

npod. T. NaHueB, NN, 2023/2024 17



" A
TunoBe OKOJIHa cpeaa

m CratmyHa (vs. aMmHaMunyHa): CpegaTta He ce NpoMeHsd A0KaTo
areHTbT pa3cbXaaBa KakBo aAa npeanpueme. (CpepnaTta e
nosly-AnHaMmyHa ako cpegarta He ce NMpoOMeHs C BpeMeTo HO
ce rNpoMeHsl NoBeaeHNETO N NPOU3BOAUTENTHOCTTA Ha
areHTa)

m [lnckpeTHa (vs. HernpekbcHaTa): OrpaHuyeH 6pon oT
pa3rpaHnyeHun, SICHO AedUHUPAHUN yCelaHNsa N 0eNCTBUS.

m EauH aredT (vs. MynTtmnareHT): EAMH areHT onepupall cam B
cpeaara.

Han-TpyaeH cnydyan: 4yacTu4yHo Habnogaema, MHOroareHTHa,
CTOXACTU4YHa, nocsiegoBaTesiHa, AMHaMUYHA, HeNMpeKbCcHaTa U
Heno3HaTa cpeaa.

npod. T. NaHueB, NN, 2023/2024 18



" A
TuunoBe OKOJIHa cpeaa

Chess with Chess without Taxi driving

a clock a clock
Fully observable Yes Yes No
Deterministic Strategic Strategic No
Episodic No No No
Static Semi Yes No
Discrete Yes Yes No
Single agent No No No

« The environment type largely determines the agent design

« The real world is (of course) partially observable, stochastic,
sequential, dynamic, continuous, multi-agent

npod. T. NaHueB, UA, 2023/2024 19



"

TuunoBe OKOJIHa cpeaa

Task Environment Observable Agents Deterministic Episodic  Static  Discrete
Crossword puzzle Fully  Single Deterministic Sequential ~Static  Discrete
Chess with a clock Fully Multi Deterministic Sequential ~ Semi Discrete
Poker Partially ~ Multi  Stochastic  Sequential ~Static  Discrete
Backgammon Fully Multi ~ Stochastic ~ Sequential ~ Static  Discrete
Taxi driving Partially ~ Multi  Stochastic  Sequential Dynamic Continuous
Medical diagnosis Partially ~ Single  Stochastic  Sequential Dynamic Continuous
Image analysis Fully  Single Deterministic Episodic ~ Semi  Continuous
Part-picking robot Partially ~ Single  Stochastic  Episodic Dynamic Continuous
Refinery controller Partially ~ Single  Stochastic ~ Sequential Dynamic Continuous
Interactive English tutor | Partially Multi  Stochastic  Sequential Dynamic  Discrete
Figure 2.6  Examples of task environments and their characteristics.

npod. T. NaHueB, UA, 2023/2024 20



AreHTv - nporpamm

npod. T. NaHueB, UU, 2023/2024
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" A
POYHKLUMMN HaA areHTa

@ AreHTbT € Hanb/HO onpeaeneH (cneunduynpaH) oT

dyHKUMATA cn aa ,,npeobpas3yBa” nocnenoBaTesIHOCT OT
Bb3NpuUAaTUSa n HabnogeHns B 4ENCTBUS.

= PaumoHaneH areHT. aBTOHOMHAa CUCTEMA KOATO € nMa

LHe1eHaCo4eHOo noeeaeHune rnpum peasimn3anpaHeTo Ha 3aaa€xHa
LIEJT.

m Llen: OTKpui HAUYMH Aa peanm3npall pauuoHaneH areHT
KOMTO YeBPbCTO U3MNbJ/IHABA AOCTaBKMU

npod. T. NaHueB, NN, 2023/2024 22



" A
CTpyKTypa Ha nporpaMmaTta AreHr

rAgent Sensors —-s
Percepts
Y —
-
=.
% :
o -
[f: @ > 4] =
=
=1
Actions

K Actuators

AreHTuTE B3aMMOZENCcTBaT C OKONHaTa cpeaa Ypes CEH30PU U U3MbIHUTENHM
MeXaHn3Mn npod. T. FaHueB, UW, 2023/2024 23




" A
AreHT upe3 Tabnvua Ha CbOTBETCTBUSA
Table-lookup agent (Ta6nnuxuum areHTn)

npod. T. NaH4eB, UA, 2023/2024 24



"
AreHt upe3 Tabsimua Ha CbOTBETCTBUSA
Table-lookup agent

Percept sequence Action

(A, Clean] Right
(A, Dirty] Suck
B, Clean] Left

B, Dirty] Suck
(A, Clean), |A, Clean)] Right

A, Clean], [A, Dirty] Suck

[A, Clean], [A, Clean], [A, Clean] Right
[A, Clean], [A, Clean], [A, Dirty] Suck

Figure 2.3 Partial tabulation of a simple agent function for the vacuum-cleaner world shown
in Figure ??. The agent cleans the current square if it is dirty, otherwise it moves to the other
square. Note that the table is of unbounded size unless there is a restriction on the length of
possible percept sequences.

npod. T. NaHueB, UA, 2023/2024 25



"
AreHTt ypes Tabnamua Ha CbOTBETCTBUSA
Table-lookup agent

function TABLE-DRIVEN-AGENT( percept ) returns an action
persistent: percepts, a sequence, initially empty
table, a table of actions, indexed by percept sequences, initially fully specified

append percept to the end of percepts
action — LOOKUP( percepts, table)
return action

m HegocTtaTbLUM:
OrpoMHun Tabnunum
N3nckBa ce Ab/ro BpeMe 3a Aa ce cb3aaae tabnumuyara

He e aBTOHOMEH

[laxxe korato e cnocobeH Ha caMmoobyyeHne ce N3NCKBA
ObNro BpeMe 3a Aa Ce HayyaT OTAeNHUTe penoBe oT
TabnuuyaTa

npod. T. NaHueB, UA, 2023/2024 26



Pa3rnexgame 5 oCHOBHU TUMA areHTu:

"
OCHOBHM TMNOBe areHT™

O6ukHoBeH pednekceH areHT (Simple reflex agents) --
PednekCHUTE areHTn pearmpaTt ANMPEKTHO Ha Bb3NPUATUATA.

AreHTn nanonssawm moaenm (Model-based reflex agents) --
AreHTuTe M3non3Balim Moaenn noaabpXaT BbTPELUHU CbCTOSHUS
3a Aa npocnegsaBaT aCnekTU Ha OKO/THUS CBAT KOUTO He ca
O4YeBUAHWN 32 KOHKPETHO MOMEHTHO Bb3MNpUSTUE.

AreHTun cbcC 3apageHa uen (Goal-based agents). CtpemaT aa
NOCTUIHAT 3a4aJeHaTa KOHKPETHa uern.

AreHTM onTMMM3MpalUM OvYaKBaHaTa NMOJIE3HOCT 4pes
uenesn dyHkummn (Utility-based agents) -- nusanonsear uenesu
dYHKUMM C KOUTO MOraT Aa OLEHSABAT CTENEHTA HA NONE3HOCT U
[a ce CTpeMAaT KbM NoBULLIABAHETO HA CTENeHTa Ha
yA0BNETBOPEHOCT.

CamoobyuyaBalum ce areHTm
npod. T. NaHueB, UU, 2023/2024 27



" JA
PednekcHu areHtT™ - Reflex agents

function REFLEX-VACUUM-AGENT( [location,status]) returns an action

if status = Dirty then return Suck
else if location = A then return Right
else if location = B then return Left

28



"

PednekcHu areHtT™ - Reflex agents

[A, Clean], [A, Clean], [A, Dirty]

Percept sequence Action
(A, Clean Right
A, Dirty] Suck
B, Clean| Left
B, Dirty] Suck
A, Clean], [A, Clean)] Right
(A, Clean], [A, Dirty] Suck
[A, Clean], [A, Clean], [A, Clean] Right
Suck

shown in Figure 2.2.

Figure 2.3  Partial tabulation of a simple agent function for the vacuum-cleaner world

npod. T. NaH4eB, UA, 2023/2024
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" A
PednekcHu areHTm - Reflex agents

Ba3npaHun Ha cucrtema oT npasuna, aeduHMpaHun ypes
ycsoBue - npaBusio 3a gencreme (condition—action rules),
aKo ... Torasa ... npaBuaa (if-then rules),

cuTyayuumsi - npaBnsio 3a gencreme (situation-action rules),
ity

npoayKLUMOHHAa JIormka Ha gencreue (productions).

npod. T. NaHueB, NN, 2023/2024 30



" A
O6ukHOBeH pedyieKCeH areHT -
Simple reflex agents

4

[Agent Sensors s

'

What the world
is like now

JUWUOITAUY

" " : What action |
Condition-action rules>—> '
C . should do now

K Actuators

Figure 2.9 Schematic diagram of a simple reflex agent. We use rectangles to denote the
current internal state of the agent’s decision process, and ovals to represent the background
information used in the process.




" A
O6ukHoOBeH pedsieKCeH areHT -
Simple reflex agents

function SIMPLE-REFLEX-AGENT( percept) returns an action
persistent: rules, a set of condition—action rules

state «—— INTERPRET-INPUT( percept)
rule — RULE-MATCH( state, rules)
action «— rule. ACTION

return action

m INTERPRET-INPUT dpyHKUMATA — Cb34aBa
abCTpaKTHO ONMMCaHMe Ha TeKYL,0TO CbCTOSAHME
Bb3 OCHOBA Ha Bb3npueTtata MHpopmMauus

m RULE-MATCH dyHKUMATa — Bpblla MbPBOTO
npaBmsio oT Habopa KoeTo cbBMaza C 3a4aAeHOTO
CbCTOSIHME.

npod. T. NaHueB, UA, 2023/2024 32



" A
O6ukHoOBeH pedsieKCeH areHT -
Simple reflex agents
[IlpeanmcTBa:
- JlecHu 3a peanun3auungd

- M3nckBaT Masiko pecypcwu

HepoctatbuW:

- Puck ot ,3aunkngaHe”™, nonagaHe B 6e3kpaeH
LUKDBI

- OrpaHnyeHa Bb3MOXXHOCT 3a paboTa npu npoMsHa
Ha ycnioBudaTa/cpenaTta

- OrpaHVI‘—IEHa MHTEJTMTEHTHOCT

npod. T. NaHueB, NN, 2023/2024 33



" A
AreHTm nanonsBalimm Mmoaenm
Model-based reflex agents

OCcHOBHa uvpaen . Ja ce c/ean ocTtaHasara YacTt OT CBETA, KOSITO HE
MoXKe fa ce HabsiiogaBa B MOMEHTA, T.€.

AreHTbT TpabBa Aa nogabpXka npeacrasa 3a ,Mo4en Ha cBeTa',
T.€. BbTPELWHO CbCTOAHMNE KOETO 3aBUCK OT UCTOPUATA Ha
Bb3NpUATUATA, C Len Aa ce MoaennpaT U U3MoJsi3BaT HAKOU
aCrneKkTun, KoOUTo He MoraT aa 6vaaTt HabntogaBaHe B MOMEHTA.

3a aKTya/im3aums Ha BbTPELWHOTO CbCTOSIHME Ce U3NCKBAT ABa
BMaa , 3HaHue":

nHdpopMaums , Kak ce npomMeHda ceeTa?" un
,KaK 0encTBmsaTa HA areHTa oka3BaT BIMSAHUE Ha cBeTa?".

B yactnyHo Habnoagaem CBAT 06MKHOBEHO TbPCUM HAKBKBO
,IPNBNN3NTENHO" TEKYLLO CbCTOSHUE.

HeobxoanMo e aa ce crnpaBsiMe C HECUTYPHOCT U HEMBbJIHOTA

AObJ1)XKalla ceé Ha YHaCTN4YHAaTa HaﬁﬂPO.D,aEMOCT Ha CBETA.
npod. T. NaHueB, UU, 2023/2024 34



AreHTu na3non3sBawiu Mmoaenm
Model-based reflex agents

function MODEL-BASED-REFLEX-AGENT( percept) returns an action
persistent: state, the agent’s current conception of the world state

model, a description of how the next state depends on current state and action
rules, a set of condition—action rules

action, the most recent action, initially none

state — UPDATE-STATE(state, action, percept, model)
rule — RULE-MATCH(state, rules)

action — rule. ACTION
return action

npod. T. NaHueB, UA, 2023/2024 35



" J
PednekcHm areHTM manonssalym mMmopa
Model-based reflex agents

-—— -
/ /7 ..~'s
‘\\ Sensors -
\
CState > .
\

CHOW the world evol\'eD—b What the world
1s like now

C\Nhut my actions do

JUSWIUOITAUY

. . . What action |
(( ondition-action rules : Ay
- _—

C '\‘"\Illl' 'a VaNE o Tats ¥y
OLIVULIVE UILF LIV YVY

Age nt Actuators
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" A
Model-based reflex agents

[TlpeanMcCTBa

Hepgoctatbhbuu

npod. T. NaHueB, NN, 2023/2024 37



" J
Model-based, Goal-based agents

Sensors =

~
N
‘\‘ *

What the world

What it will be like
if I do action A

What action |
@ ™ should do now
\Agent Actuators -

A model-based, goal-based agent. It keeps track of the world state as well as a set of goals it is trying to

(Whul my actions do

JUSUIUOIIAUH

achieve, and chooses an action that will (eventually) lead to the achievement of its goals. 38




" A
Model-based, Goal-based agents

m OCHOBHM KOHLUeNnuunn Npn areHTnTE peainnpaimu
3aA4al€Ha LEJl Ca.

AcHa pedunHUUMA Ha KpanHaTa uen — HanpuMmep
AecTuHaumaTa Ao KoSaTo TpsibBa Aa ce AOCTUrHe.

TbpceHe Ha nocnenoBaTesIHOCTTa OT CbCTOSIHUSA Mpe3
KouTto TpsibBa Aa ce npeMuHe

[naHnpaHe (0bMUCSIHE Ha Bb3MOXHOCTUTE)

npod. T. NaHueB, NN, 2023/2024 39



" J
Utility-based agents
e P ——

Sensors -

N ¥

\E}hat the world
( How the world evolves is like now

Y

. What it will be like
( What my actions do if I do action A

( Utility ) »| How happy I will be
in such a state

What action |
should do now

Y

A gent Actuators

A model-based, utility-based agent. It uses a model o% the world, along with a utility function that
measures its preferences among states of the world. Then it chooses the action that leads to the best

JUQWUOJIAUF

expected utility, where expected utility is computed by averaging over all possible outcome states,
weighted by the probability of the outcome. 40




" A
Learning agents

Performance standard

S D

)

Critic - Sensors s
RS
feedback
]
Y Y 2
changes <.
Learning = Performance S
clement  |em element =
knowledge =
i L
learning =
goals -
Y /
Problem
generator Y

@ g ent Actuators 7&/

A general learning agent. The “performance element” box represents what we have previously considered
to be the whole agent program. Now, the “learning element” box gets to modify that program to improve
its performance.

a1



"

Peanunsauumsa Ha BbTpelwHUTEe CbCTOSAH

mIIOOO.
oIIOOO.

(a) Atomic (b) Factored (¢) Structured

Three ways to represent states and the transitions between them. (a) Atomic representation: a state (such
as B or C) is a black box with no internal structure; (b) Factored representation: a state consists of a
vector of attribute values; values can be Boolean, real-valued, or one of a fixed set of symbols. (c)
Structured representation: a state includes objects, each of which may have attributes of its own as well
as relationships to other objects.
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