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This paper reviews robust and adaptive decision models for complex environments
characterized by risk, ambiguity and deep uncertainty. It contrasts three regimes of uncer-
tainty and shows how traditional “expected value” optimization becomes fragile under dis-
tribution shifts, adversarial behavior, and model misspecification. The review covers sto-
chastic programming with recourse and risk measures such as chance constraints and condi-
tional value-at-risk, which explicitly manage tail events.

It then examines robust optimization and distributionally robust optimization, high-
lighting how uncertainty sets and ambiguity sets protect against parameter and distribution-
al misspecification. Sequential settings are addressed through robust and risk-sensitive
Markov decision processes, which embed worst-case and tail-risk considerations into dy-
namic control. Decision-focused learning is presented as an approach to align machine
learning with downstream optimization by differentiating through solvers and, where nec-
essary, hardening models via adversarial and distributionally robust optimization-inspired
training.

The paper emphasizes that mathematical robustness alone is insufficient: effective
deployment requires human-Al teaming, layered socio-technical architectures, explainabil-
ity, and autonomy-preserving governance. A multi-dimensional evaluation framework inte-
grating algorithmic, human, stakeholder, learning, and implementation metrics is outlined.
The paper concludes with open challenges in explainable uncertainty, robustness—adaptivity
trade-offs, scalability to large combinatorial problems, multi-agent robustness, and federat-
ed, privacy-preserving decision support.

Keywords: risk, ambiguity, deep uncertainty, robust decision-making, adaptive de-
cision support, hybrid intelligence, stochastic programming, robust optimization.

Introduction. Decision-making nowadays faces three canonical regimes of
uncertainty. Risk assumes that probabilities are known or reliably estimable. e.g.,
standard supply-chain lead times. Ambiguity arises when only partial information,
such as bounds or moments, is available, e.g., limited demand data. Deep uncer-
tainty occurs when there is no consensus on the appropriate probability model, re-
quiring strategies focused on resilience rather than point optimality [1]. When envi-
ronments become volatile due to model misspecification, adversarial manipulation,
or severe regime shifts, policies optimized merely for expected performance can
become fragile.
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The first conceptual dimension is the nature of uncertainty. Under risk, deci-
sion-makers are comfortable specifying a unique distribution P, supported by rich
historical data and stable conditions. Under ambiguity, decision-makers
acknowledge that multiple distributions are plausible, either because data are lim-
ited, heterogeneous, or noisy, or because structural model assumptions are ques-
tionable. Under deep uncertainty, models themselves are contested, or there is an
expectation of regime shifts and structural breaks, as in long-term climate adapta-
tion or disruptive technological change [1].

The second dimension is the temporal structure of decisions. One-shot deci-
sions involve choosing a single action with no recourse, e.g., setting a price for a
unique contract. Two-stage decisions allow a recourse action after uncertainty is
realized, e.g., placing an initial order now and expediting later. Multistage deci-
sions involve a sequence of actions over time, where later actions can depend on
the observed outcomes, e.g., rolling capacity planning. Infinite-horizon problems
involve ongoing decisions with discounting, e.g., in control and reinforcement
learning.

Robust and adaptive decision models seek to provide resilience by guaran-
teeing performance under adverse conditions, scenarios, or distributions, adapting
quickly when new data emerge, and embedding human judgment to preserve legit-
imacy. These models draw from several interconnected mathematical fields: sto-
chastic programming (SP) for risk-based recourse [2]; robust optimization (RO) for
worst-case parameter protection [3]; distributionally robust optimization (DRO) for
ambiguity over probability distributions [4]; dynamic programming (DP) for se-
quential robustness and risk sensitivity [5, 6]; and decision-focused learning (DFL)
for aligning prediction with prescriptive objectives and addressing the coupling
between predictive models and downstream optimization [7]; robust Markov deci-
sion processes (MDP) and risk-sensitive control for sequential decision-making
with ambiguous dynamics or tail-sensitive objectives.

The goal of this paper is to synthesize the core mathematical frameworks for
robust and adaptive decision-making in complex and uncertain environments, and
to connect them to socio-technical design.

Stochastic Programming and Risk Measures. Stochastic programming ex-
plicitly models the ability to take corrective actions after uncertainty is realized.
The prototypical two-stage stochastic programming problem minimizes the sum of
the first-stage cost and expected second-stage recourse cost:

I;{lei)lél{CTX + E(u~P [Q(X,(U)]}, (1)
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where x is the first-stage decision, c - its cost vector, w - a random vector of uncer-
tainties. In this case, (2) presents the optimal value of a second-stage problem that
chooses recourse actions y in response to w:

— i T
Qx,w) = ygp(ggw)d(w) Y )

The expectation is generally approximated by a finite set of scenarios {w;}
with probabilities p;, and large instances are solved using decomposition methods
such as Benders decomposition [2, 8].

Two common risk-control alternatives are chance constraints, which require
a constraint to hold with probability at least 1 — a:P(a(§)Tx<h)=>1-«a,
and conditional value-at-risk (CVaR), which controls the tail of the loss distribu-
tion. CVaR at a confidence level « has a convex representation:

1
CVaRy (L) = r);leig{n + T EIL —m41} 3

where (u), = max{u, 0}, making it tractable for linear losses. For many

loss functions, this representation leads to convex optimization problems; for ex-
ample, if L is a linear function of decision variables and random parameters, CVaR
minimization can often be reformulated as a linear program [9].

Robust Optimization and Distributional Ambiguity. Robust optimization
replaces probabilistic assumptions with a deterministic uncertainty set U and seeks
decisions that perform best in the worst case [3, 10]:

: <0
min Té}}(f(x' u) st gx,u) <0;vVueUl. (4)

Here, u represents uncertain parameters (such as demands, costs, or coeffi-
cients), and U is a convex uncertainty set capturing all plausible values. For linear
programs with affine uncertainty, robust counterparts often preserve tractability.
Consider a linear constraint with uncertain coefficients of the form a(u)Tx < b,
where a(u) = a + Au and u € U. The robust counterpart requires:

Ty <
max a(u)'x < b. (5)

If U is polyhedral, this translates into additional linear constraints. If U is el-
lipsoidal, the robust counterpart can be reformulated as a second-order cone con-
straint.

Adjustable robust optimization extends robust optimization to multistage set-
tings by allowing some decisions to depend on observed realizations [3, 11].

Distributionally robust optimization acknowledges that the true probability
distribution may lie in an ambiguity set P defined by moment information [4] or
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statistical distances such as the Wasserstein metric [12]. The DRO problem mini-
mizes the worst-case expected loss:

r){g)r(l ?’lé?p Eg~p [£(x,9)], (6)

where £(x, &) is a loss function.

Ambiguity sets can be specified in several ways. Moment-based sets fix the
mean, covariance, and perhaps higher moments of &, thereby including all distribu-
tions that satisfy these constraints [4]. Divergence-based sets include all distribu-
tions within a specified Kullback—Leibler, ¥2, or other f — divergence distance of
a nominal distribution, often the empirical distribution [13]. Wasserstein ambiguity
sets define a ball around the empirical distribution in terms of optimal transport
distance, yielding finite-sample performance guarantees and tractable reformula-
tions for many convex problems [12].

An important insight is that many DRO problems are equivalent to regular-
ized empirical risk minimization: the inner supremum over distributions corre-
sponds, via duality, to adding a regularization term to the empirical loss that penal-
izes sensitivity to distributional perturbations [13]. This connection helps explain
empirically observed robustness improvements: DRO effectively trains models to
be robust to distribution shift within the prescribed ambiguity set.

Sequential Decision-Making and Control. Markov decision processes mod-
el sequential decision-making under stochastic dynamics. Robust MDP treat transi-
tion probabilities as belonging to ambiguity sets P (s, a) and solve the robust Bell-
man equation [5]:

V(s) = max {r(s, a)+vy pegg,a) Z p(s'[s, a)V(s')}. )

When ambiguity sets are rectangular, robust value iteration converges to an
optimal stationary policy [14]. Risk-sensitive MDP minimize the CVaR of cumula-
tive discounted cost, leading to policies that trade expected performance for
tail-risk protection [6]. Distributional reinforcement learning techniques are em-
ployed to estimate the full return distribution needed for CVaR optimization [15].

Decision-Focused Learning (Learning to Decide). Traditionally, predictive
models (“predict-then-optimize” pipelines) are trained to minimize a statistical 10ss
such as mean-squared error, independent of the downstream optimization. Howev-
er, improving statistical accuracy does not necessarily improve decision quality;
prediction errors that are benign from a statistical perspective can be costly in
terms of decisions [16].

DFL addresses this misalignment by training the predictive model to mini-
mize a decision loss that reflects downstream performance [7, 16, 17]. Let é},(Z)

be a predictor with parameters ¢ and inputs Z, and let © denote the true parameters.
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Let t(8) denote the solution of an optimization problem parameterized by 8. The
DFL objective can be written as:

minEzp [Lac (7 (05(2)).6)] (®)

where L4, measures the decision quality (for example, cost or regret), and (.)
denotes the solution of an optimization layer. To optimize this objective using gra-
dient-based methods, one must differentiate through the optimization layer.

For convex optimization problems with differentiable objectives, implicit
differentiation of the Karush—-Kuhn-Tucker (KKT) conditions provide gradients of
the optimal solution with respect to parameters [7, 16]. Specialized differentiable
layers have been developed for quadratic programs, linear programs, and certain
conic programs. In these architectures, the solver becomes a differentiable compo-
nent in the computation graph of a deep learning model.

DFL can be made robust by integrating DRO or adversarial training ideas.
One approach is to minimize worst-case decision loss over a set of plausible data
perturbations:

mqgn Ezg [ﬁgﬁg— Ljec (n (9¢ (Z + 8)) , 9)] 9)
where § represents adversarial or worst-case noise in the inputs [18, 19]. If the in-
ner maximization is solved approximately and its effects backpropagated, the re-
sulting model tends to be more robust to perturbations at deployment time. Such
robust decision-focused learning is particularly relevant when decisions are safety-
critical.

Human-Al Teaming and Socio-Technical Integration. Robust and adap-
tive decision models are not deployed in a vacuum; they are embedded in socio-
technical systems, in which humans retain ultimate responsibility. Mathematical
guarantees only translate into real-world resilience if human operators understand,
appropriately rely on, and can override the system when necessary.

A commonly recommended architecture for human—Al decision-support sys-
tems consisting of three interacting layers [20]. The situational awareness layer
ingests data, performs preprocessing and uncertainty quantification, and produces a
compact representation of the environment, such as scenario sets, belief states, or
risk maps. Uncertainty quantification may involve ensembles, Bayesian models, or
residual monitoring. The collaborative decision layer runs robust optimization,
DRO, stochastic programs, or robust MDP, generating recommended actions and
associated risk metrics, such as worst-case costs, CVaR values, or robustness gaps.
The reflective practice layer logs decisions, overrides, rationales, and outcomes;
this information feeds back into model retraining, system redesign, and governance
audits.

Dynamic control transfer is an important design element in such systems.
Depending on risk, uncertainty, and workload, control may shift between human-
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led, machine-led, and joint decision modes. In low-risk, high-confidence situations,
automation may predominate; in high-risk, low-confidence situations, the system
may recommend deferring to human judgment, perhaps providing scenario anal-
yses rather than prescriptive recommendations.

Explainability is significant for appropriate reliance. Users need to under-
stand not only what action is recommended, but why, and how confident the sys-
tem is. In robust and adaptive systems, this includes explaining which scenarios or
uncertainty sets drive the recommendation, which constraints are binding, and what
trade-offs are being made between robustness and performance [21, 22]. Counter-
factual explanations, which show what changes in inputs would lead to different
recommendations, can help users explore the decision space.

Sectoral Applications and Evaluation. Robust and adaptive decision models
have been applied across a range of sectors with differing levels of maturity. In
supply chain and operations management, robust optimization and DRO have been
used for facility location, inventory control, and production planning under uncer-
tain demand and lead times [23, 24].

In finance and energy, mean—-CVaR portfolio optimization seeks to control
tail risk in asset returns [19]. DRO has been employed to construct portfolios that
are robust to statistical estimation error and regime shifts. In power systems, robust
unit commitment models hedge against forecast errors in renewable generation and
against equipment failures, often using scenario-based stochastic programming
augmented with robust constraints [12].

In healthcare and emergency management, stochastic programming and ro-
bust MDPs have been applied to capacity planning, triage, and epidemic control.
For example, models have been used to allocate intensive care unit beds, ventila-
tors, or vaccines under uncertain demand and disease progression, often combining
risk-based models for short-term dynamics with scenario-based approaches for
deep uncertainty in long-term evolution [1]. Robust policies that perform well
across a range of epidemiological scenarios have been investigated.

In infrastructure and cyber-physical systems, robust network design and res-
toration models aim to improve resilience against natural disasters and attacks. For
instance, robust optimization and stochastic programming have been used to plan
investments in flood defenses, transportation networks, and electricity grids under
uncertain hazards. Cyber defense has been modeled as a robust MDP or partially
observable game, in which defenders face strategic attackers with uncertain capa-
bilities [10].

Across these domains, successful deployments typically combine mathemat-
ical robustness with adaptive learning and human-centric interfaces. For example, a
robust scheduling algorithm may be integrated into an operator dashboard with
scenario exploration tools, explanations of robustness margins, and override op-
tions.

Evaluating robust and adaptive decision systems requires going beyond tra-
ditional algorithmic metrics such as expected cost, regret, or convergence speed. A
more comprehensive evaluation considers multiple dimensions. At the algorithmic
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level, metrics include regret under distribution shift, robustness gaps between nom-
inal and worst-case performance, tail risk measures like CVaR, fairness metrics,
and computational efficiency. At the human factors level, measures of calibrated
trust, cognitive load, decision time, and appropriate reliance are important. Stake-
holder impact can be accessed via perceived fairness, participation, and alignment
with values. Learning and adaptation can be evaluated by the speed of drift detec-
tion, the frequency and quality of policy updates, and the extent to which lessons
are institutionalized. Implementation sustainability encompasses adoption rates,
cost-benefit ratios, resilience under stress tests, and compliance with legal and reg-
ulatory standards.

These dimensions can be integrated into a composite evaluation model. Let
A; denote algorithmic performance, H, human factors, S; stakeholder impact, L;
learning and adaptation, and I, implementation sustainability at the time t. A com-
posite outcome index might be written as:

Ot = f(At; HtISt) Lt; It)) (10)

where f reflects organizational priorities and trade-offs. For example, an organiza-

tion might require minimum thresholds on H; and S; to ensure acceptable human

and stakeholder outcomes, while optimizing O, subject to these constraints.
Conclusion. Despite substantial progress, several open challenges remain in

the design and deployment of robust and adaptive decision systems.

Explainable uncertainty is a central challenge. While ambiguity sets, robust
policies, and risk measures are precise mathematical constructs, translating them
into narratives and visualizations that are meaningful to diverse users is hon-trivial.
Research is needed on interfaces and explanation techniques that make robustness
and risk constraints transparent without overwhelming users.

Managing the trade-off between robustness and adaptivity is another chal-
lenge. Highly robust models can be overly conservative, sacrificing performance in
typical scenarios to guard against unlikely extremes. Highly adaptive models can
overfit to transient patterns or recent data, increasing vulnerability to rare events.
Formalizing and optimizing trade-offs between worst-case protection and adapta-
tion speed, possibly through hybrid objectives that penalize both worst-case loss
and adaptation lag, is an active area of research.

Scaling robust and decision-focused methods to large, combinatorial prob-
lems remains difficult. While differentiable optimization layers and convex surro-
gates like SPO+ have broadened the scope of DFL, many real-world decision prob-
lems involve mixed-integer programs or nonconvex constraints. Efficient approxi-
mate methods, structure-exploiting algorithms, and problem decompositions will
be essential to scale robust DFL to industrial applications.
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Multi-agent and game-theoretic robustness is another frontier. Many systems
involve strategic interactions among multiple actors, each with their own objectives
and information. Extending robust optimization and DRO ideas to stochastic
games, where both dynamics and payoffs may be ambiguous, is complex but im-
portant, particularly in cybersecurity, financial markets, and competitive logistics.

Finally, federated and privacy-preserving robustness poses both technical
and governance challenges. In domains like healthcare and finance, data are dis-
tributed across institutions and subject to strict privacy constraints. Developing
federated DRO, robust reinforcement learning, and decision-focused learning
methods that respect data locality and legal constraints, while providing robustness
guarantees, is a promising direction.

In conclusion, robust and adaptive decision models offer a rich set of tools
for reasoning under uncertainty in complex environments. Stochastic programming
provides risk-based recourse under known distributions; robust optimization and
DRO guard against parameter and distributional ambiguity; risk-sensitive and ro-
bust MDPs extend robustness to sequential control; and decision-focused learning
aligns prediction with downstream optimization. When embedded in human-
centered architectures with explainability, autonomy-preserving governance, and
multi-dimensional evaluation, these methods can significantly enhance resilience
and performance. Continued research at the intersection of optimization, machine
learning, control, and human—computer interaction will be critical for realizing the
full potential of robust and adaptive decision-making in practice.
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YNUMLGLU 64 WuNrNe UbQU4dE3 r6/0FT NAUWUS B W EINShd,
NeNeNFUvELh UNGLLELP KUUTTRUUNMrGUESEL UYLUENY

UW<. Qphgnpyui

Utinuywugynid £ pnpuunm L wnuuyunhy npnpnuddiiph dnptqtiph wbwpy Yoduyitipu
dhowjuyptiph  Yytpwptppuy, npntp pmpugpynd G nhuyny, «ny  dhwbhwbwyni pjunip»
(ambiguity) L junp wlnpnynipyudp (deep uncertainty): Wnwbabwgynid G whnpnynipjub tiptp
nhdhdttipn, L gnyg L wpynuy, ph httwtiu £ nuuwljud «ayquuynn wpdtph» owyumhdwugnip
nunind thpupnil' pupfunud@iiph inthnpunipywl, pwdwlub (hwypbnntd) Jupph W dnnlh
ufuwy npndwl yuydwbbbpnud: Fhunwpyynid £ unnpuwunhly dSpugpuynpnidp’ ninipuphugh
nhuljh Yypw hhdtfud swthwbhyttpny, htwwhuhp G hwjwbwlubught vwhdwbuhwynidtbpp
wuydwbwlub nhujuyhl wpdtipp (CVaR)' «wynsuyhlt nhultipp (tail risk) funwuptjne hudwnp:

<wgnpnhy Ghpuyugynid Gh pnpuun owywmhtwjugnid ni pupuniiny  pnpwum
owwmhdwyugnidp (distributionally robust optimization), npniip oguugnpdnid b whnpny W ny
thwipwbwl pwqinpnibbtp’ wywpudbtnptph © puppudwl vjuwy  gbwhwwmnidtinhg
hintuuthtyne hwdwp: <wonpujutt npnpniddiph hwdwp nunidbwuhpynid G6 pnpuunm I
nhuljh Gyuuniudp qquynil npnynudiitiph dwpnyjub gnpdpbpughtipp” phtudhy junuwjwpdwb
dtip Gtipuntny Juwuwgnyh ntuypp b wynyuyhtt nhuyp: Opnymdttphtt ninnjud nrunigniip
tqupugnynid £ npytiu dnpljh . nmumgnip . hbmwuqu oyumpdwqugdwt htin
huduyumuupibitightne dheng' nuonndbiph thol wmwppbpuwlidwb b, wihpudtymnipyub
ntypnid, hwypinntd (adversarial) niunigiwd U pwppunidhg  ngbpbsgud  niunigdwb
owymhdiwjugiwh thongny npnpuumnigmnibp puptjuybne hudwp: Opnpnidwhtb niunigniip
(decision-focused  learning) Gwpugpymd £ npybu  dnnbjh nwunignidp hbnwgqu
owymh'iwjugiwbd htim hmdwyuumuupiwbtightine theng' npnphstiiph thelt mupptpupiwb b,
wihpudbymnipyub nhiypnid, hwypinnpbd nrunigdwd L puppunithg ngliptswd niunigdwb
oyunhiwjugdwd thengny nnpuumnipyniip owywmhdwjugbtjnt hwdwnp:

Langoéynd k, np dhuyll dwptiiwumhjujud pnpuumnipinibp puyjwpun sk mbhpudtym
Eh Gwl Jwpn-wphtunmwub pubwuinignid thnfjugnpdwygnipynil, puqiuptpn unghwy-
wbpubhjuyub Gwpunupuy tivnnieynibiitin, pwgwwnptihnipnih I8 dwpnuyht
htptwJupnipniin wwhwywitine dthawbthqdttp: Gnwewnplynid £ puqiwsuth gwhwndwb
powbwal], npp hwmbgpnid - wygnphpiwubt  sunhwbihptitpp, dwpnluyhtt - gnponbbtpp,
owhwgpghn  Unnibiph  wgnbgnipnibp, Juqiwytpopsuyub nunignidp b Gbpgpdwb
Juynibiniynip: Lobwpyynd &b htonwgnunipgut Ghpwlw  fubnhpbtp, hbswhuhp GO
pwgwwnpljh  wbhnpnynignilip,  pnpuummpniin b hwupdwpynnujuinipyubt - dhel
hwjuuwpuienipeiniip, dwuwynwpwynpnidp b puqiughim Juynibnipynip:

Unwhgpuyhlhe punkp. nhul, ny dhwipwbwlnienil, hunp winpnynipmil, nnpuunm
npnpnuititiph uyugnid, wnuuwwhy npnpnudttiph uywgnid, hhpphnuyhtt pumbwuibtnipyni b,
unnfuwunhly Spugpuynpniy, nnpuuwn owwmhduwugniy:
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CUCTEMATHYECKHUIA OB30P POBACTHBIX U AJIATITUBHBIX
MOJIEJIEN PEIIEHHMIT B KOMILIEKCHBIX 1 HEONIPEJIEJEHHBIX
CPEJIAX

A.T'. I'puropsin

IIpencraBneH 0030p poOACTHBIX W aTaNTUBHBIX MOJENCH NMPUHATHA pEIICHUI s
KOMIUIEKCHBIX Cpell, XapaKTePHU3YIOIINXCS PUCKOM, HEOJHO3HAYHOCTHIO M TITyOOKOW He-
OTpe/IeNEHHOCThIO. BBIACHAIOTCS TpH pekrMa HEONpeAeIEHHOCTH M MOKa3bIBaeTCs, 4TO
KJIaCCHUYCCKasd ONTUMU3alMA IO OXKUAAEMOMY 3HAUYCHHUIO CTAHOBUTCA XpyHKOﬁ Ipu CMEUIC-
HUM pacIpeieeHIH, BpaXKIeOHBbIX ACHCTBUSAX M OMIMOOYHOM crenudukanum MoJenei.
PaccmarpuBaeTcsi  CTOXAaCTHUECKOE€ TMPOTPaMMHUpPOBAHHE C  peKypcued U pHUCK-
OpUEHTUPOBAaHHBIMHM MEPAMHU, TAKUMHU KaK BEPOSTHOCTHBIE OTPAaHUYEHHUS U yCIOBHAs CTOU-
MocTh pucka (CVaR), Mo3BOMIOMUMHI YIIPABIATh XBOCTOBEIMH PHCKaMHU.

[Janee ananmsupyrorcst pobacTHas ONTHUMHU3AIMSA U AUCTPHOYTHBHO-POOACTHAS Om-
TUMM3ALMA, TJ€ MHOKECTBA HEONPEAENIEHHOCTH U HEOJAHO3HAYHOCTH 3ALIUIIAIOT OT OIIHU-
00K B mapameTpax W pacupeneneHusx. st mociaenoBaTenbHbIX PEHICHHH H3y4aroTcsl po-
GacTHBIC M PUCK-UYBCTBUTEIbHBIC MapKOBCKHE MPOIECCHl NPUHATHS PELICHUH, BKIIOYA0-
mMe HauXy/IIMKi cirydail 1 XBOCTOBOH PUCK B JUHaMu4eckoe ynpasienue. [logxon obyue-
HUS, HalpaBJeHHbI Ha npuHsThue pemennii (DFL), onuceiBaeTest kKak crocod coriacoBaTh
oOyueHHe MoOjeNell C MOCIeAyIoNeH onTuMu3aue myréM auddepeHnupoBanus depes
pemarein u, rnpu HCO6XOJII/IMOCTI/I, HCIIOJIb30BaHUA HpOTHBOHeﬁCTByIOmeﬁ " ONITUMHU3ALUH
TPEHUPOBKH, HHCIIMPUPOBAHHON C TOUKH 3PEHHUS PACIPEICIICHHs 1JIsl OBBIIICHHS poOacT-
HOCTH.

INomuépkuBaercs, YTO OAHOW MaTeMaTH4eCKOH POOACTHOCTH HEOCTaTOYHO: HEoO-
XOJMMBI Y€I0BEK—HCKYCCTBEHHBIN HHTEIUIEKT-KOMAaHIbl, MHOTOYPOBHEBBIE COLIMOTEXHUYE-
CKHE apXHUTEKTypHl, OOBSICHUIMOCTh M MEXaHU3MBI COXPAHEHUs YeJIOBEUECKON aBTOHOMHUH.
[Ipemmaraercs MHOTOMEpHasl CXeMa OLIEHKH, 00BEeINHSIIOMAs aIrOpUTMHUIECKHE TIOKa3aTe-
I, YeJoBedeckre (paKTophl, BIMSHUE Ha 3aMHTEPECOBAHHBIE CTOPOHBI, 00y4YEeHHE OpTraHu-
3allMd U yCTOMYMBOCTH BHeApeHHA. OOCYXTaroTcs OTKPBITHIE 3agadd: OOBsICHUMAs He-
OTpeIeNnEHHOCTh, OaaHC MEXIy pOoOAaCTHOCTBIO M aJalTHBHOCTBHIO, MacIITAOMpOBaHHUE H
MHOTOareHTHas po6acTHOCTD.

Knrwouegvie cnosa: puck, HEOTHO3HAYHOCTD, TIIyOOKast HEOTPeIeNEHHOCTh, pobacT-
HOE MPUHSTHE PEIICHHUH, alalTUBHOE MIPUHSITHE PEIEHUH, THOPHIHBII HHTEIUIEKT, CTOXa-
CTHYECKOE IPOrpaMMHUPOBaHKE, pOOACTHAS ONTUMH3ALIHSL.
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