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Recap

thus far we have a set of tools mathematical

frameworks for lex Junwon'slecture
observationdensity

quantifying uncertainty Te Pco at

obÑÉj fanDetect
system level failures find of sit Cost yttotl 8

But all these methods were still focused on cion of
uncertain situations What about mitigation

How can a robot use its control actuation to

avoid uncertain situations
It.IE tm ution

CONTROLLING IN DISTRIBUTION

For now let's focus on density models So models that
for now assumeperfect

fit a distribution state
N

P St at over some dataset D Strat i

we will say that St at are indistibution Tentrobottook

if P St at c for some density level c 0

Set of in D States actions

igNc stat P stat c



we want to only query
our learned model on these De

indistribution states antians to mitigate shift test time

NOTE being in distribution done not necessarily guarantee that
the learned models will be performant but still useful

Since we don't have access to the true data generating

distribution P St at we fit it with model Po Strat
For the rest of this lecture assume Pp is well fit

E How can we design a controller such that Past ifhÉÉ
IDEA 1 GREEDY At each timestep just enforce the constraint

pick at EA sit Po St at ZC

Why how would this fail Consider this simple example

from Kang et al ICML 2022 with discrete limited s and as

Q9n
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Suppose we want Po St ax Corange This constraint imposed

the initial time would allow the agent to take and

After the agent is on boundary of constraint but is
doomed to leave the high density region enter pinkstates



Instead we want to constrain the agent's actions with the

best density tell etunterinthefutwem.it we

did this restriction we would see

If sparse

EE dense
cu.EE Eiy

8h
circles indicate the lowestdensitytheagent will
discover intufture

IDEA 2 CONTROLPROBLEM IN DENSITYSPACE

Ok somathematically what do we need to satisfy We need

Gioia path FIpEh fE amise
robot is trying to keeps tradi of lowest density over traj
fifang teimanthytenseregion

The function G so 90 s level sets correspond to the C threshold

we got to pick start of lecture B c Po's range is
bounded by 017 then so will G's range Thus G
represents the lowest density we ever experience under our ctrl seq



DiffBtronD and Get
g c

aQ
tin.it im

wittiest
we never leave

S S Dc

We can also use the function G s a within another

control problem ex MPC

a it argmg.gl restiat

sit Set f Strat t H 1

G St GE IC I I LH

As with standard MPC the controller executes the first
planned action then replans The constraint ensures

that as long as the system is above the level set C

it is able to satisfy P St at c throughouttray
this is also

EI.IE tma a e was

designed
923

so it gives

the MPs problem max flexibility within the support

E you may wonder why imposing

Polst at C 1 t H

instead of wouldn't be enough No Not enough in gen



The validity of this alternative constraint above depends on
the horizon of the planning problem H If so then

yes its valid but in practice we choose H 10 or 20

which is often 150 smaller than full task length
for computational effiliency Thus we can still get
myopil behavior
See Kang et al ICML 2022 for theoretical proofsof
Then Penftswhenfungi.fr npR.fctP density differ in

How learning Gp and learned Po influence error bounds

COMPUTATION FRONTIERS

As you may have predicted the optimization problem

G 50190
pqyp.FI

Po Strat

looks very familiar on purpose It's another version of
a reachability problem and as such we can leveragethose

tools to obtain an approx Gp So 90 in practice

For example our safety Bellman Equation is now

aparams a discountfaitor

Gp s a max Pals a maize 8 Gy flsia a

GÉ Is a Pals a
Then we can run our far solvers 1,9k ex via RL



Anothervariant of the problem we may care about is to

Both avoid OOD situations AND physical hazards

88 issEd
S

physicalhazard

Using notation from Seo et al Core 2025 let augmentedstate

s is physical state ex posivel latentstate
Z

ner is epistemicuncertaintyofmodel
Here we specifically focused on the uncertainty ofthe dynamics
model itself Pp s Is a rather than the density of s a

although in the paper we do compare to density estimator

Specifically we train ensemble of Po s s a KE 1 K

and then measure entropy

From Shyam et al Model BasedActiveExplore ICML2019

Then we can define two types of constraints

Fphysical z Issf signedshed toffee

Foo z use Fphysinal V Food



we have augmented dynamics

Ztt f Zt at
f stiat 1 Stt

it.name
via uncertainty of P stt 1st at

e divergence of ensemble of predictions
from here standard computations can follow


