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Online Stochastic Optimization

D : Set of available actions
r : D → R, r(x) is the uncertain reward from action x ∈ D with
unknown distribution.

Order of events at each time until the end of time horizon
agent takes action based upon history
agent observes reward and updates history

Objective : maximize the expected cumulative reward until the end of
time horizon.
Learn the reward distribution through experimentation early and then
optimize.
Two formulations

Multiarmed Bandits Online Linear Optimization
Finite D, independent rewards Infinite D, correlated rewards

[Lobel, Mani, Reed, 2025] [Tiwari, Mani, Salapaka, 2026]
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Distributed Experimentation

Central planners often rely on experimentation by independent and
myopic agents.

platforms, agentic AI, right-to-try,selling through independent agents

Patients Patients Patients

[Ayer, Mani, 2026]
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Case: Moderna Covid-19 Vaccine

After testing the Moderna vaccine on 30,000 volunteers, on Dec. 18, 2020,
the FDA authorized it for emergency public use
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Distributed Experimentation

Firms often rely on experimentation by independent and myopic
agents.

platforms, agentic AI, right-to-try, selling through independent agents

Customers
CustomersCustomers
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Distributed Experimentation

Central planners often rely on experimentation by independent and
myopic agents.

platforms, agentic AI, right-to-try, selling through independent agents

What can the central planner do?

Incentivizing exploration [Frazier et. al. 2014, Halac et. al. 2016, Chen
et. al. 2018]
Information design [Kremer et. al. 2014, Che and Horner, 2018,
Papanastasiou et. al. 2018, Mansour et. al. 2020, Immorlica et. al.
2020, Acemoglu et. al. 2022]

Can a much simpler control work?
What if the central planner irrevocably discards arms it deems
suboptimal?
Such control can be construed as a very simple information design, i.e.-
broadcast a signal whenever an arm is deemed suboptimal.
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Model: Overview

Firm%offers%an%assortment%of%products%

…

… …

Agents(make(selling(
decisions(……(
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Model: Central Planner and Agents

… …

Agents(make(selling(
decisions(……(

Central planner has a set J of arms and makes a subset Jt ⊆ J
available at time t to I agents.

Each agent makes its own effort allocation.
The cumulative effort spent by agent i on arms until time t is
τ i (t) = (τ i1(t), τ

i
2(t), ..., τ

i
J(t)) [Mandelbaum, 1987] ,

τ ij (t) =

∫ t

0
1{j ∈ Js}∂τ ij (s), for all t > 0

∑
j∈J

τ ij (t) = t, for all t > 0
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Model: Rewards

The uncertain reward from arm j for agent i for a cumulative effort of
s is R i

j (s).

The rewards from the same arm for different agents are correlated.
In particular, µj is the drift of arm j .
The reward

R i
j (s) = µjs + B i

j (s)

where B i
j (s) is a standard Brownian motion.

The Brownian motion is independent for each arm-agent pair.
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Model: Information Processing

Agents observe only their own rewards and efforts.
Agent i ’s estimate of the drift of arm j at time t is

µ̂i
j

(
τ ij (t)

)
=

1
1 + τ ij (t)

R i
j (τ

i
j (t)).

The central planner observes the rewards and efforts of all agents.
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Model: Misalignment between Planner and Agents

The central planner is forward looking but the agents are myopic.

Agent puts all effort on the arm with the highest drift estimate a.e.
The central planner’s utility is the reward over the whole period T ,

Up (T ) =
∑

j∈J,1≤i≤I

R i
j (τ

i
j (T )).
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Main Questions

Expected regret over a finite horizon under a central planner’s policy π
is

Zπ(T ,µ) = Iµ{1}T −
∑

j∈J,1≤i≤I

µjEπ

[
τ ij (T )

]
.

If the central planner can fully control the decision of what arms to
put effort on, then

max
µ∈RJ

Zπ(T ,µ) = Ω(J log IT ).

[Lai, Robbins 1985; Auer, Cesa-Bianchi, Fischer 2002]

Can a central planner’s strategy of dropping arms achieve the regret
bound?
Consider policies such that Jt ⊆ Js , for all 0 ≤ s < t.
How many agents are needed to achieve the regret bound?
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Notes on Continuous Time Model

Equivalence of effort allocation and escape time of the drift estimate
process
Allows for writing appropriate Fokker-Planck equation and solve for
effort distributions, thus providing finer results.

Regret under different settings

Setting Asymptotic Regret
Single agent without planner T

∑
j∈J(µmax − µj)P(k⋆ = j |µ) + Θ(J)

Single agent with planner T
∑

j∈J(µmax − µj)P(k⋆ = j |µ) + Θ(J)

Multiple agents with planner Let’s find out
if µ > 0 then

P (k⋆ = j |µ) = 1
J
+

√
2π (µj − µ̄)√

J
e

Jµ̄2
2 Φ

(
−
√
Jµ̄
)
,

where µ̄ = 1
J

∑
k∈J µk
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Central planner’s Confidence Bounds

Definition
Upper confidence bound for the drift of j is

C+
j

(
τ f
j (t)

)
=

R f
j (τ

f
j (t))

τ fj (t)
+ 3

2

√
log
(

JIT√
2π

)(
1√
τ fj (t)

+ 1
τ fj (t)

)

Definition
Lower confidence bound for the drift of j is

C−
j

(
τ f
j (t)

)
=

R f
j (τ

f
j (t))

τ fj (t)
− 3

2

√
log
(

JIT√
2π

)(
1√
τ fj (t)

+ 1
τ fj (t)

)

where τ f
j (t) =

(
τ1
j (t), . . . , τ

I
j (t)

)
, τ fj (t) =

∑I
i=1 τ

i
j (t) and

R f
j

(
τ fj (t)

)
=
∑I

i=1 R
i
j

(
τ ij (t)

)
.
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Central planner’s Confidence Bounds

0 2 4 6 8 10
−10

−5

0

5

10

1.sj

Upper bound on C+
j (sj)

µj

Lower bound on C−
j (sj)

Figure: Concentration of the confidence bounds: With high probability the
upper(lower) confidence bound lies between the blue(red) curve and true drift.
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Anchor Rate

Definition

Anchor rate: At any time t, we define the anchor rate

l∗ (t) = max
j∈J

sup
0<s<t

C−
j

(
τ f
j (s)

)
.

The anchor rate is the highest lower confidence bound over all arms until
the current time.
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Central planner’s Policy

Definition

Central planner’s policy π∗: Discard arm j at time t > 0 if
C+
j

(
τ fj (t)

)
≤ l∗ (t).
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Sources of Error

The arm with the highest expected drift is discarded.
The anchor rate stays low for a long time.
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Erroneously Discarding the Best arm

The probability of discarding the arm with the highest expected drift is very
low.

Theorem

With probability at least 1 − 2
√

2π(log4 IT+2)
JIT , the true drift of any arm j lies

between max0<1T sj≤IT C−
j (sj) and min0<1T sj≤IT C+

j (sj), i.e.-

P

(
max

0<1T sj≤IT
C−
j (sj) < µj < min

0<1T sj≤IT
C+
j (sj)

)
> 1−2

√
2π (log4 IT + 2)

JIT
.

Corollary

Under the proposed discarding policy π∗, the probability that the arm with
the highest drift is discarded is at most 2

√
2π (log4 IT + 2) /IT .
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Erroneously Keeping the Anchor Rate Low

The probability that anchor rate stays low for a long time is very low.

Theorem

Under the proposed policy π∗, if I > 12 logT then by time
t = 112α2

∆2I
(J − 1) the anchor rate satisfies l∗(t) ≥ µ{1} −∆ with probability

at least 1 − 2
√

2π(log4 IT+2)
IT − log2 Je

− I
12 .

∆ > 0 is the minimum difference between the drifts of any two arms.
α = 3

2

√
log JIT√

2π
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Lower bound on Anchor Rate

t

𝜇{1}−∆

𝜇{𝐽/2}-∆

𝜇{𝐽/4} -∆

𝜇{𝐽/8} -∆

Lower bound on l*(t)

𝜇{2}−∆

32𝛼-𝐽/Δ-𝐼 112	𝛼-(𝐽 − 1)/Δ-𝐼

0.875 ∗ 112	𝛼-𝐽/Δ-𝐼

0.75 ∗ 112	𝛼-𝐽/Δ-𝐼

Figure: High probability lower bound on the anchor rate.
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Effort on Suboptimal arms

Effort on suboptimal arms grows logarithmically in time.

Theorem

If there are at least I = 12 logT agents, then under the discarding policy
π∗, for any µ ∈ RJ with ∆ > 0, the expected total cumulative effort on
suboptimal arms is

E

∑
j ̸={1}

τ fπ∗,j (T )

 <

(
576J
∆2 +

√
2π

log 2

)
log IT +

I log2 J

T
I

12 log T
−1

.

∆ > 0 is the minimum difference between the drifts of any two arms.
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Optimal Regret

Rate optimal regret under π∗.

Corollary

If there are at least 12 logT agents then under policy π∗, for any µ ∈ RJ

with ∆ > 0, the regret Z̃π∗(T ,µ) is less than

(µ{1} − µ{J})

((
576J
∆2 +

√
2π

log 2

)
log IT +

I log2 J

T
I

12 log T
−1

)
.
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Minimum Number of Agents

log (T ) is the critical rate at which the number of agents should be added
as the horizon increases.

Theorem
As both the horizon T and number of agents IT increase, if
limT→∞

IT
logT = 0, then for each µ ∈ RJ (not all equal),

limT→∞
Zπ(T ,µ)
logT = ∞ under any policy π.
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Summary of Contributions

Continuous time multi-armed bandit framework with numerous myopic
agents making independent decisions.

If the number of agents grows o(logT ) with T then a sublinear regret
cannot be achieved by discarding arms.
If the number of agents grow at least 12 logT with T then O(logT )
regret can be achieved.
Learning occurs in constant time and the learning speed grows linearly
in the number of agents.

Thank you!
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Online Stochastic LP: Single Agent with Central Planner

Agent chooses actions xxx(t) ∈ D ⊂ Rd

Reward:
dR(t) = µµµ⊤xxx(t) dt + xxx⊤(t) dBBB(t)

Myopic agent:
x̂xx(t) = argmax

xxx∈D
µ̂µµ(t)⊤xxx

Planner restricts actions: Dπ
t ⊂ D
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Bayesian Inference & Confidence Ellipsoids

Observed history:

Ht = {{R i (s), x i (s)}s≤t : i = 1, . . . ,N}

Posterior estimate and covariance: µ̂µµ(t), Σ̃(t)

Confidence ellipsoid (α):

B(t) =
{
ννν : (ννν − µ̂µµ(t))⊤Σ̃(t)−1(ννν − µ̂µµ(t)) ≤ α2

}
Diagonal Σ̃(t) ⇒ axis-aligned ellipsoid; widths reflect exploration effort
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Central Planner’s Policy

B(t) not axis-aligned ⇒ operate along principal axes
Project B(t) onto plane orthogonal to µ̂µµ(t) to obtain Bµ̂(t)

Reduce uncertainty by collapsing along the direction of Bµ̂(t)
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Future Directions

Distributed experimentation with information sharing over sparse
networks.

Applications in drug testing, revenue management, distributed sensing,
path planning.
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Thank
you!
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