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iInformation and decision science (IDS) lab

The overarching goal of the IDS Lab is to develop rigorous theories and data-driven
system approaches at the intersection of learning and control to enable systems—
whether vehicles, robots, or large-scale infrastructures—to operate autonomously
while safely interacting with dynamic environments. Our work integrates decision-
theoretic foundations with learning-based methods to endow engineered systems
with the capabillity to reason, learn, and act in real time.
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virtual reality driver simulation testbed
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The cycle starts again fromiintake stroke keeping the engine running and produces power .
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vehicle in the loop in Bosch facilities
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agentic ai: autonomous teams

o Team of K € N members

o State: X,: (Q,F) — (X,,Z,) defined on (Q,F,P)
o  Control: UMY = (U}, ..., UX)

o Disturbance: W,: (Q,F) = (X, X',

Team

o X, =f X, U W) t=0,.,T-1

o For each team member k, Y* = h&X,Z",t=0,...,T
o Noise: Z*: (Q, F) - (X,, Z¥

o |nformation structure

o A;: =Yy, UK and AF: = (* L UF )

t—n+1:r “t—n+1:t—1
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optimal strategy

Reason

Theoreml]
o Let
Vi(mr): = B8|Cr(Xy) | T1; = 7],
w@»:zuaiEﬂqXWM+v%d@hJﬁﬁ%MD|IL=@1¢K=WK

and let g € &’ be a separated control strategy that achieves the infimum. Then, g is
optimal.

(1] Malikopoulos, A.A., “On Team Decision Problems with Nonclassical Information Structures,” IEEE Trans. Autom. Control, Vol. 68, 7,
pp. 3915-3930, 2023.
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optimal decisions

o Control strategy: g = {g,, ..., &,_,}
o Decision: UMK = g(I1) = g,|P(X, | A, A})]

o Upda‘te: Hl‘+1 = t[[FD(Xt | At’ Ath) YIIK UI:K]

s L1 Vi

Act
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learning the information statell-8]
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(11 Malikopoulos, A.A., “Separation of Learning and Control for Cyber-Physical Systems,” Automatica, 151, 110912, 2023.
(2] Malikopoulos, A.A. “Combining Learning and Control in Linear Systems,” European Journal of Control, Vol. 80, Part A, 101043, 2024.
(81 Kounatidis, P., and Malikopoulos, A.A., “Combined Learning and Control: A New Paradigm for Optimal Control with Unknown Dynamics,”

arXiv:2510.00308, 2025.

28



storing information

o Decision: UK = g(I1) = g,|P(X, | A, A;F)|

instead of Utk = gt(A,,/\lf) = g(

Yl:K Ul:K Yk

0:t—=n’ ~0:t—n’ " t—n+1:0°

U;

—n+lj—1)

Memorize
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