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ABSTRACT

AI-based autonomous agents, typically hosted at data centers,
must acquire state information from robots or edge devices in
order to issue informed control decisions. Managing uncer-
tainty about the state is particularly consequential in safety-
critical settings, in which average-case guarantees are insuf-
ficient. In this context, we study a sequential decision maker
process that jointly decides which actions to take and when
to probe given access to an arbitrary state prediction model.
We propose online conformal state probing (OCSP), an action
and probing policy that certifies worst-case reliability levels
without relying on distributional assumptions. OCSP is de-
signed to provably control the missed query error (MQE), i.e.,
the fraction of instances where probing would have been ben-
eficial, while minimizing the probing rate. OCSP can be ap-
plied to existing pre-trained value-based control policies with-
out requiring retraining or fine-tuning. We validate OCSP
through numerical simulations to verify theoretical guaran-
tees and to assess performance trade-offs as a function of the
calibration of the state predictor.

Index Terms— Conformal risk control, optimal control,
active data acquisition

1. INTRODUCTION

Recent advances in AI, including large language models
(LLMs) and vision language action models (VLAs) [1], have
equipped autonomous agents, typically hosted at data centers,
with greater capabilities and generalization skills. However,
the deployment of AI-based autonomous agents increas-
ingly demands strict reliability guarantees on performance
[2, 3, 3]. A central difficulty in ensuring reliable operation is
that agents residing on the cloud must act on system states
that are not promptly available, as telemetry from robots or
edge devices can be too costly to query continuously and in a
timely fashion (see Fig. 1). As a result, the agent must act un-
der partial observability, actively deciding when to probe the
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Fig. 1: Example of an agent that navigates the environment according to an
estimated belief on the current state, actively probing the state to control the
outage rate.

state in order to reduce its uncertainty about the environment
before committing to an action [4].

Management of uncertainty is particularly consequential
for reliability-critical applications, in which standard average-
case guarantees are insufficient. In fact, a policy that per-
forms well in expectation, but occasionally fails catastroph-
ically, may be unacceptable. Ideally, reliability constraints
must hold even in the worst case, without distributional as-
sumptions on the environment or observation noise.

In this work, we study a general sequential decision-
making problem in which an intelligent agent jointly decides
which control actions to execute and when to probe the state
(Sec. 2). Fig. 1 illustrates the example of a robot controlled
by a cloud based agent. At each time step, a state-estimation
model at the agent produces an uncertainty estimate for the
current state, which is used by the agent to determine control
and probing actions. Reliability requirements are imposed
by constraining the missed query error (MQE) rate, i.e., the
fraction of steps in which probing would have been beneficial
but the state was not probed [5].

To ensure provable control of the MQE, we introduce on-
line conformal state probing (OCSP), an action and prob-
ing policy that wraps around any pre-trained state predictor
(Sec. 3). OCSP builds on online risk control, which provides
deterministic, distribution-free coverage and risk guarantees
for sequentially observed data [6–9]. Unlike this line of work,
however, OCSP does not aim to calibrate a predictor [10] or
to defer from cloud to edge [5], but to certify and control the
reliability of a closed-loop decision-making mechanism that
jointly governs which actions to take and when to probe. As a
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use case, OCSP is applied to an existing value-based control
policy in a Markov decision process (MDP), providing worst-
case performance guarantees for a pre-trained agent (Sec. 4).

2. SYSTEM MODEL

We consider a stateful sequential decision process whose state
at discrete time t is given by st ∈ S, where S is a discrete
finite set. As in the example of Fig. 1, at each time step t, the
agent does not have direct access to state st, but it can acquire
state st through a probing action Pt ∈ {0, 1}, where Pt = 1
indicates that the state is probed. The sequence of past probed
states is used to maintain an estimate of the current state in the
form of a probability bt ∈ ∆S given by

bt = ft({(t′, st′) : Pt′ = 1}t′<t), (1)

where ∆S is the simplex of probability distributions over the
set S and ft is a sequence of functions. Functions ft may
be implemented as a pre-trained predictor, and are not subject
to optimization. As discussed in Sec. 4, the belief may be
evaluated using a probabilistic transition model for the state.

At every time step t, the agent interacts with the environ-
ment, taking an action at ∈ A as a function of the current be-
lief bt, where A is a discrete finite set. This yields the control
action at = πA

t (bt), with action policy πA
t to be optimized.

In general, the next state st+1 can be affected by the previous
actions at′ with t′ ≤ t, and we do not make any assumption
on the functional or probabilistic form of this dependence.

Upon taking action at, the agent collects the utility
Ut(st, at) ∈ [Umin, Umax], where Ut(·, ·) is an arbitrary
known function, and we have bounds Umin ≥ 0 and Umax <
∞. Thus, given the correct state st, the optimal action is

a∗t ∈ argmax
a∈A

Ut(st, a), (2)

which corresponds to the optimal utility value U∗
t = Ut(st, a

∗).
As further discussed in Sec. 4, the utility Ut(s, a) may be
obtained as the state-action value function of a pre-trained
value-based agent.

For all times t with Pt = 1, the state st is known and the
action can be optimally set to at = a∗t . In contrast, at times
with no probing, the action at taken by the agent generally
incurs a regret compared to the optimal action a∗t in (2), which
is given by the difference

Rt(st, ât) = U∗
t − Ut(st, ât). (3)

To quantify the acceptable performance loss caused by in-
complete state probing, we introduce a tolerance threshold
Rmax ≤ Umax − Umin, representing the maximum admis-
sible regret. Violations of this threshold are captured by the
binary outage variable

Ot = 1[Rt(st, ât) > Rmax] . (4)

Importantly, since the agent does not observe the state unless
it actively probes it, the outage signal Ot is itself observed
only when a probe is issued, i.e., when Pt = 1.

We model the decision of whether to probe as a stochastic
probing policy πP

t (bt) ∈ [0, 1], with Pt ∼ Bernoulli(πP
t (bt))

denoting the decision to probe at time t. Overall, given fixed
belief functions in (1), we aim at designing the action policy
πA
t and the probing policy πP

t . The design goal is to control
the MQE [5], i.e., the fraction of instances in which probing
would have been beneficial, since Ot = 1, but was not per-
formed, i.e., Pt = 0. Formally, the MQE is defined as

MQET =
1

NT

T∑
t=1

Ot (1− Pt), (5)

where NT =
∑T

t=1 Ot is the number of outages in the se-
quence, with the convention MQET = 0 when NT = 0.
A zero MQE can be obtained by a trivial policy that always
probes the state, setting Pt = 1 for all times t. Therefore, our
design goal is to control the MQE, while making a best effort
at minimizing the probing rate

∑T
t=1 Pt/T .

Formally, we aim to ensure that, for any sequence of states
{st}Tt=1, given any fixed belief functions {ft}Tt=1, the MQE
does not exceed a target level α ∈ [0, 1] when T is sufficiently
large. This requirement is expressed by the inequality

MQET ≤ α+ oNT
(1), (6)

where the additive term oNT
(1) vanishes as the number of

outages NT grows.

3. ONLINE CONFORMAL STATE PROBING

In this section we present OCSP, an online action-probing
policy that provides worst-case guarantees on the MQE as per
the requirement (6), while attempting to minimize the probing
rate.
OCSP. At each time step t, OCSP first evaluates a candidate
action ât by minimizing the regret under the current belief bt,
i.e.,

ât = argmin
a∈A

∑
s∈S

bt(s)Rt(s, a). (7)

We emphasize that, since the belief is an arbitrary estimate
of the state, the action in (7) does not provide any optimality
guarantee. The action policy πA

t then sets at = ât when
Pt = 0, while setting at = a∗t when Pt = 1.

OCSP decides whether to probe the state, setting Pt = 1,
or not, Pt = 0, depending on a local estimate of the proba-
bility of an outage Ot in (4) for the candidate action ât. The
outage probability is estimated as the probability of the out-
age event Ot = 1[Rt(s, ât) > Rmax] under the belief bt, i.e.,

Ôt =
∑
s∈S

bt(s)1[Rt(s, ât) > Rmax]. (8)



Algorithm 1 Online Conformal State Probing (OCSP)
Require: target α ∈ [0, 1]; tolerance Rmax ≥ 0; step sizes η > 0; explo-

ration ρ ∈ (0, 1 − α]; utility functions {Ut}Tt=1; estimation functions
{ft}Tt=1; initial µ1

1: for t = 1, 2, . . . do
2: bt ← ft({st′ : Pt′ = 1}t′<t) ▷ δs1 if t=1
3: ât ← argmina∈A

∑
s∈S bt(s)Rt(s, a)

4: Ôt ←
∑

s∈S bt(s)1[Rt(s, ât) > Rmax] ▷ outage score
5: pt ← ρ+ (1− ρ)1[Ôt ≥ µt]
6: draw Pt ∼ Bernoulli(pt)
7: if Pt = 0 then
8: at ← ât; µt+1 ← µt

9: else ▷ state probing (rule-driven or exploratory)
10: observe st; compute Rt and Ot

11: at ← a∗t ;
12: update µt according to (10)

Specifically, OCSP follows a probabilistic query policy πP
t

whereby probing is carried out with probability

pt = πP
t (bt) = ρ+ (1− ρ)1[Ôt ≥ µt], (9)

i.e., Pt ∼ Bernoulli(pt), where ρ ∈ (0, 1 − α] is an explo-
ration probability and µt is a threshold to be calibrated online.
The rationale behind the probing probability (9) is twofold:
(i) if the estimate Ôt is larger than a well-designed threshold
µt, it is plausible, although not guaranteed, that the candidate
action ât would lead to an outage event; and (ii) in order to
ensure that the true outage variable Ot is available at the agent
sufficiently often, the agent queries the state with probability
no smaller than the exploration probability ρ.

The threshold in (9) is potentially updated whenever the
agent decides to probe the state, i.e., all times t with Pt = 1.
Based on state st and outage indicator Ot in (4), the update of
the threshold µt follows the rule

µt+1 ← µt − η OtPt

pt

[
(1− pt) − α

]
, (10)

where η > 0 is an update rate and µ1 ∈ [0, 1]. By (10), when
Pt = 0 (no query) or Ot = 0 (no outage), the threshold is
not modified and we recover µt+1 ← µt. When Pt = 1 and
Ot = 1, i.e., in the case of a query and of an outage event, the
threshold µt is modified as follows:
• If Ôt < µt, the query is prompted by exploration, since
the probing probability in (9) is pt = ρ. This implies that
the estimation Ôt failed to predict the outage event Ot = 1
under the current threshold µt. Accordingly, the threshold is
decreased by the amount η(1 − ρ − α)/ρ > 0 to facilitate
the prediction of future outage events. Recall the design con-
straint ρ < 1 − α. The intuition behind the magnitude of the
update is that, since exploration already inherently identifies
a fraction ρ of the outages, we wish the threshold mechanism
to identify the remaining fraction 1− ρ. The scale factor 1/ρ
plays the role of an inverse probability weighting [11], com-
pensating the fact that Ot is selectively observed.
• If Ôt ≥ µt, the query is caused by a correct thresholding of
the outage probability estimate Ôt. In this case, the threshold
is increased by ηα with the goal of reducing the probing rate.

Missed Query Error Guarantees. We now show that OCSP
guarantees condition (6) on the MQE.

Proposition 1 (Performance guarantees). For any δ ∈ (0, 1),
any state sequence {st}Tt=1, any estimation functions {ft}Tt=1

and utility functions {Ut ∈ [Umin, Umax]}Tt=1, with probabil-
ity at least 1− δ over the algorithm’s exploration mechanism
in (9), OCSP satisfies the upper bound

MQET ≤ α+∆(NT , δ) (11)

where, for NT ≥ 1, we have defined

∆(NT , δ) =
1 + 2η/ρ

ηNT
+

√
2(1− ρ)

ρNT
log

2

δ
+
2(1− ρ)

3ρNT
log

2

δ
,

and ∆(0, δ) = 0.

Proof. We start by rewriting (5) as

MQET = α+
1

NT

[
T∑

t=1

et+

T∑
t=1

Ot
1− α

pt
(pt−Pt)

]
. (12)

The first sum in (12) is deterministically controlled by the
update (10) in a manner similar to online conformal predic-
tion [7], and we omit details here due to space constraints,
while the second sum can be upper bounded with high proba-
bility with respect to the sequence of probing decisions {Pt},
concluding the proof.

For the second sum, writing P t−1 = [P1, ..., Pt−1] and
T O = {t : Ot = 1}t≤T , we have E[Pt | P t−1] = pt, and
thus the sum

∑
t∈T O (pt − Pt)/pt is a martingale difference

sequence. Moreover, we have Var((pt − Pt)/pt | P t−1) =
(1 − pt)/pt ≤ (1 − ρ)/ρ. Therefore, using Freedman’s in-
equality [12] on the sequence {(pt − Pt)/pt}, we obtain the
inequality∣∣∣∣∣ ∑

t∈T O

pt − Pt

pt

∣∣∣∣∣ ≤
√

2
(1− ρ)NT

ρ
log

2

δ
+

2(1− ρ)

3ρ
log

2

δ

(13)
with probability no smaller than 1− δ.

4. EXPERIMENTS

We validate OCSP and its theoretical guarantees by investi-
gating the MQE, utility and query rate of OCSP under differ-
ent belief models, while comparing with the ideal benchmark
in [13], which requires state augmentation and retraining.
Setting. Even though our framework applies to generic, even
deterministic and adversarial, dynamic systems, we consider
here an MDP, since this allows us comparisons with estab-
lished benchmarks. The considered MDP has |S| = 30 states,
|A| = 4 actions, and a transition model M obtained as fol-
lows. For each pair (s, a) we randomly select a target state
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Fig. 2: MQE, average query rate and average reward over time t for 105 steps. Results are averaged over 100 different seeds.

s∗a ∈ S and define the transition probability as M(s, a, s′) ∝
exp(−d(s′, s∗a)2/σ2), where d(s, s∗) = min(|s − s∗|,S −
|s− s∗|) is a circular distance between discrete states and σ2

= 0.67. The state sequence is drawn from this model given
the control actions. The utility is derived from a reward given
by the distance from a randomly selected target state s∗ as
r(s, a, s′) = 10 exp(−0.5 · d(s′, s∗)). Specifically, the util-
ity Ut(s, a) is obtained from a pre-trained state-action value
function Q(s, a) optimized by running Q-learning [14] using
the implementation provided in [15] over the given MDP.
Implementation. When Pt−1 = 0, the belief bt is obtained
from an estimated transition model M̃ by updating the last be-
lief bt−1 given action at−1 as ft(bt−1, at−1) = b⊺t−1M̃at−1 ,

where M̃at−1
is the |S|×|S| transition matrix associated with

action at−1. The estimated transition model M̃ is defined
using the same moder as for M , but with a generally differ-
ent dispersion parameter σ2. Specifically we considered three
settings corresponding to predictive models with different cal-
ibration levels [16–18]: (i) exact belief, i.e., σ2 = 0.67; (ii)
overconfident belief with a lower spread of σ2 = 0.37; and
(iii) underconfident belief with the larger spread σ2 = 2.
Baseline. As a baseline, we consider the “augment-and-train”
methodology in [13], which trains from scratch in the MDP a
policy that simultaneously learns how to act and probe. This
policy operates on an augmented state space, describing also
the time elapsed from the last probed state, and it is trained to
meet an average probing rate. Augment-and-train serves as an
upper bound on the performance of OCSP for a given probing
rate, since OCSP operates as a wrapper around a pre-trained
value function.

In Fig. 2 we plot MQET , the average probing rate and the
average normalized cumulative return, as a function of time
t. Fig. 2(a) demonstrates that OCSP can control the MQE
to meet the target rate α = 0.3, irrespective of the quality
of the prediction without requiring training. In contrast, the
augment-and-train scheme, which is trained for the given tar-
get probing rate, which is set to approximately match that of
OCSP with an exact belief (see Fig. 2(b)), yields an MQE as
high as 0.4. The figure also reports the bound from Proposi-
tion 1 with δ = 0.05 to further validate the theoretical guar-
antees of OCSP.

In Fig. 2(b) we observe that OCSP tends to concentrate
state probings in the first time steps, while stabilizing to a
lower probing rate as time goes on. Specifically, an under-
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Fig. 3: Cumulative reward vs. probing rate for different values of α.

confident belief induces candidate actions (7) that cater to
a larger set of possible states, thus requiring OCSP to issue
fewer probing actions to compensate for regret events. In
contrast, with an overconfident belief, the candidate actions
(7) may make riskier choices tailored to a particular state, and
OCSP compensates for resulting outage events by increasing
the probing rate.

The different probing rates translate into different cumu-
lative returns, as shown in Fig. 2(c). In particular, Fig. 2(c)
shows that OCSP with an overconfident belief obtains a
slightly higher average return than OCSP with an exact belief
but with higher average probing rate.

The trade-off between probing rate and cumulative return
is further investigated in Fig. 3, which shows the Pareto front
on the plane with axes given by cumulative return and prob-
ing rate, both evaluated at time t = 105. The Pareto front is
obtained for OCSP by varying the MQE target α, while for
augment-and-train we varied the target probing rate. OCSP,
at lower query rates, is seen to almost match the performance
of the ideal augment-and-train scheme. Using an exact belief
is observed to be instrumental for achieving a better perfor-
mance trade-off with OCSP. Moreover, an overconfident be-
lief model is preferable to an underconfident one at low query
rates, while, when the query rate is higher than 0.7, the under-
confident belief obtains a higher trade-off.

5. CONCLUSIONS

In this work, we developed a sequential decision-making
framework with adaptive state probing and formal perfor-
mance guarantees. Future work may focus on larger-scale
evaluations and on applications to AI-based policy models.
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