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Abstract

Many engineering and scientific workflows rely on expensive black-box evaluations, requir-
ing sequential decisions that must both improve task performance and reduce uncertainty.
Bayesian optimization (BO) and Bayesian experimental design (BED) provide powerful but
largely separate treatments of goal-directed optimization and information-seeking experimen-
tation, leaving limited guidance for hybrid settings in which learning and optimization are
intrinsically coupled. We propose Pragmatic Curiosity (PraC), a unified framework for
hybrid learning and optimization via active inference. PraC evaluates candidate queries by
trading information gain about a task-relevant latent symbol against an expected regret-based
potential over outcomes. This formulation foregrounds three operational design choices:
which latent quantity should be clarified, how task value is encoded as regret, and how
strongly information gain should be exchanged against pragmatic regret. We instantiate
PraC across three regimes of increasing complexity: decision-oriented monitoring with fixed
global symbols and known downstream losses, targeted active search with induced local
symbols and evolving coverage goals, and composite Bayesian optimization with hierarchical
regret learning under unknown preferences. Across these regimes, PraC reduces downstream
decision risk, improves coverage of critical outcome regions, and jointly learns predictive and
preference structures without relying on task-specific staging rules.

1 Introduction

Sequential decision-making under uncertainty often requires an agent to decide what to learn and what to do
at the same time. Two classical paradigms have addressed these aspects from different directions. Bayesian
optimization (BO) is primarily goal-directed: it selects queries in order to identify high-performing inputs of
an unknown objective function (Mockus, [1975; |Jones et al., |1998; |Srinivas et al.,|2009). Bayesian experimental
design (BED) is primarily information-seeking: it selects experiments in order to reduce uncertainty about
latent quantities of interest (Chaloner & Verdinelli, [1995]). Although both can be viewed as instances of
adaptive sampling (Di Fiore et al., |2023)), they are usually developed under different directives and therefore
admit few directly transferable design principles (Hvarfner et al.l |2025]).

This separation leaves limited guidance for problems in which the relevant uncertainty, the downstream
objective, and the sampling policy must be designed jointly. In environmental monitoring (Konakovic Lukovic
et al., [2020), a robot may need to learn the hidden state of a chemical plume while deciding where to
dispatch a response team. In failure discovery (Ramanagopal et al., [2018} [Parashar et al.l [2025), an evaluator
may need to explore uncertain scenarios while prioritizing outcomes that cover critical failure regions. In
preference-guided design (Gonzélez & Zavalal 2025; |Coelho et al., |2025)), an optimizer may need to learn not
only how actions produce outcomes, but also how those outcomes should be valued. In all these settings, an
agent must act before it fully knows, and it only learns by acting. The bottleneck is therefore not learning
or optimization alone, but the meta-decision that connects them: deciding what knowledge is sufficient for
action, and what actions are most informative for future decisions.

Recent work has begun to address this coupling by choosing between specialized tools and accommodating
problem-specific adaptation: leveraging information-gain criteria to enhance optimization, or vice versa.
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Information-directed sampling (IDS) connects information and regret in online optimization and bandit
settings (Russo & Van Roy} |2018]). Self-correcting Bayesian optimization introduces a statistical distance-based
active learning criterion into the BO loop to improve model learning during optimization (Hvarfner et al.,
2023)). Expected predictive information gain (EPIG) focuses active learning on predictive information that
is relevant to a target distribution (Smith et al., 2023)). Preference exploration for BO learns preference
models over multi-objective outcomes, but typically relies on stage-wise choices between experimentation
and preference learning (Lin et al.,2022). These methods highlight growing synergy between learning and
optimization, but they often remain task-specific, and rarely generalize across problem categories.

In this paper, we propose Pragmatic Curiosity (PraC), a unified framework for hybrid learning and opti-
mization via active inference (AIF) (Friston, |[2010; [Friston et al.l|2017). Originally developed in computational
neuroscience, AIF prescribes action selection by minimizing expected free energy (EFE), a single objective
that couples an epistemic drive for information gain with a pragmatic drive toward preferred outcomes.
PraC translates this conceptual principle into a practical acquisition-design template: a candidate query is
evaluated by both what it is expected to reveal about a task-relevant latent quantity and how its predicted
outcome is expected to affect downstream action. In this sense, PraC formalizes pragmatic curiosity: curiosity
is not the indiscriminate gathering of information, but the search for knowledge insofar as that knowledge
can improve action pragmatically.

PraC not only serves as a unifying umbrella principle that re-interprets many classical acquisition rules in BO
and BED, but also foregrounds a triad of meta-decisions that govern any hybrid decision-making problems:
representation, evaluation, and regulation. In PraC, this triad is conceptualized as symbols, regrets, and
curiosity. Symbols specify the latent quantities whose clarification can change what the agent ought to do;
regrets provide a modest objective by quantifying task-relevant shortfall; and curiosity sets the exchange
rate between epistemic clarification and pragmatic sacrifice. This triad turns PraC from an abstract decision
paradigm into a concrete decision rule: it specifies what is worth knowing, what is worth pursuing or avoiding,
and how strongly unresolved uncertainty should influence action. It also elevates curiosity from a static
exploration heuristic into a regulated gain in the knowledge—action loop, motivating a feedforward—feedback
scheduler that adapts curiosity as belief and action co-evolve.

We instantiate PraC across three regimes of increasing complexity. First, in decision-oriented monitoring, PraC
uses fixed global symbols and known downstream losses to guide sensing toward environmental distinctions
that matter for response decisions. Second, in targeted active search, PraC uses induced local symbols and
evolving coverage goals to coordinate exploration in input space with discovery in outcome space. Third,
in composite Bayesian optimization with unknown preferences, PraC uses hierarchical regret learning to
jointly learn how actions produce outcomes and how those outcomes should be valued. Across these regimes,
PraC reduces downstream decision risk, improves coverage of critical outcome regions, and supports joint
outcome-regret learning without relying on task-specific staging rules.

Our contributions are as follows.

e A unified acquisition principle. We derive PraC as an active-inference acquisition principle that
couples task-relevant information gain with goal-directed pragmatic regret.

e A triad of operational design axes. We formalize epistemic symbols, regret potentials, and
curiosity coefficients as the core meta-decisions underlying hybrid decision-making problems.

e Empirical validation across three regimes. We validate PraC in decision-oriented monitoring,
targeted active search, and preference-guided composite optimization, spanning fixed global, induced
local, and hierarchical symbols under both known and unknown goals.

2 Preliminaries

2.1 Bayesian Optimization

Given an unknown objective function f : X — R, BO seeks to identify the input z* that maximizes the objective
f over an admissible set of queries X, i.e., * = argmax,cx f(z). Let the available information regarding
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the objective function f be stored in the dataset D; := {(21,v1), ..., (¢, y:)}, where y; ~ N (f(z¢),0%(¢)) is
the noisy observation of the objective function by assuming the noise follows a zero-mean normal distribution
with a standard deviation o(x). BO relies on a surrogate model p(f(z)|D;) that provides a probabilistic
representation of the objective f, and uses this information to compute an acquisition function o : X — R to
drive the selection of the most promising sample to query. Many acquisition functions have been proposed,
including probability of improvement (Mockus, (1975), expected improvement (Jones et al., |1998), upper
confidence bound, and various entropy search methods (Hennig & Christian J. Schuler, 2012; [Hernandez-
Lobato et al., 2014 |Wang & Jegelkay, 2017 [Hvarfner et al., 2022 |[Neiswanger et al [2021)), as well as practical
approaches to optimize them (Wilson et al.| [2018)).

2.2 Bayesian Experimental Design

Rather than optimizing an objective function f(x), the purpose of BED is to sequentially select a set of
experimental designs = € & and gather outcomes y, to maximize the amount of information obtained about
certain parameters of interest, denoted as 6. The parameters 6 can correspond to some explicit model
parameters, or any implicitly defined quantity of interest (e.g., the optimum of a function, the output of an
algorithm, or future downstream predictions). BED finds the next experimental design z;y; by maximizing
the expected information gain (EIG) (Chaloner & Verdinelli, [1995) that a potential experimental outcome
Yr+1 can provide about 6, measured in terms of expected entropy reduction of the posterior distribution of 6:

EIG(z | Dy) = H[p(0|D)] = Ep(yje,p,) [H [p(0D: U {(z, ) DI| = 1(0; (2,9) | D1),

where H(-) and I(-) denote the entropy and mutual information, respectively.

3 Pragmatic Curiosity: A Framework that Synthesizes Learning and Optimization

Acquisition strategies in BO typically pursue goal-directed behavior, whereas those in BED emphasize
information-seeking behavior. In this section, we synthesize these seemingly competing imperatives through
the lens of active inference (AIF), yielding a unified framework for hybrid learning and optimization.

3.1 Active Inference as Expected Free Energy Minimization

Consider a probabilistic surrogate model ¢(-) that captures the relationship between a decision variable z, an
outcome y, and a collection of latent quantities of interest s, and factorizes as

q(x,y,8) = p(x,y | 5)q(s),

where ¢(s) is the surrogate belief over s. We use ¢(-) to distinguish the agent’s internal surrogate model from
the underlying, generally inaccessible, true data-generating model p(+).

In ATF, preferences over possible outcomes are encoded through a probability distribution p(y). Outcomes
assigned higher probability are treated as more preferred. The deviation between an observed outcome and
those preferred by the agent is measured by its self-information, or surprisal, —logp(y). Intuitively, surprisal
quantifies how unexpected an outcome y is under the preference distribution p(y): less preferred outcomes
incur larger surprisal. The surprisal associated with an outcome y satisfies

—logp(y) = —log / p(y’qu(s) ds = —logEq(s) [pé?’s)s )} < —Eqs) {102; p((f(/’s)s )] =F, (1)

where the inequality follows from Jensen’s inequality.

The right-hand side of equation (1| is called the wvariational free energy (VFE), resembling the Helmholtz
free energy in physics. It upper bounds surprisal and therefore provides a tractable surrogate objective for
inference. In machine learning, the sign of VFE is often reversed, yielding the evidence lower bound (ELBO),
whose maximization is a standard variational learning principle (Titsias, [2009).
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To obtain a decision rule, we must account not only for realized outcomes, but also for future outcomes that
have not yet been observed. AIF does so by considering the expected surprisal of future outcomes under the
predictive distribution ¢(y | z):

p(y, s | x) p(s |z y)p(y | )
~Eqyle) logp(y [ 2) < ~Eq(y,sp2) {10% ) ] = Byl {10 a(s | 2) @)

= _Eq(y,s\w) [lng(S | a?,y) - lOg q(S | Jf)] - IEq(y|:r) logp(y | 1‘) = Gv
where the right-hand side of equation [2|is denoted as the expected free energy (EFE). AIF prescribes action
selection by minimizing this quantity.

3.2 A Principled Decision Paradigm for Hybrid Learning and Optimization

In its original form, the EFE in equation [2] is not yet an actionable acquisition principle, because it depends
on the true posterior p(s | z,y) and the true outcome model p(y | ), both of which are generally unavailable
a priori. We now turn it into a principled decision paradigm through two approximations that are natural
from a decision-theoretic perspective.

The EFE in equation [2| can be decomposed as
G = —Eq(ysio) logp(s | 2,y) —logq(s | )] —Eq(yz) logp(y | ).

Term 1 Term 2

For Term 1, add and subtract log ¢(s | z,y) inside the expectation:
Term 1 = ~Eq(y a1 llop(s | 2,) — loga(s | 2,5) + log a(s | z,5) — loga(s | 2)
= _Eq(y\z)Eq(s\z,y) [IOgP(S | Z‘,y) - logq(s | x, y) + log Q(S | JI,y) - log q(S | 'T)]
= _Eq(y\x) [Eq(s|:v,y) [lng(S | 1’,y) - IOg Q(s | Z, y)] + Eq(s|m7y) [log Q(S | Z, y) - 1Og L](S ‘ 1’)”

= —Eqwle) | =Dxrla(s [ z,9)llp(s | 2,y)) + Dxwlals | 2,9)lg(s | x))

Term 3 Term 4

Since the surrogate belief over s is not updated until an observation is obtained, it does not depend on x alone;
hence ¢(s | ) = q(s). Therefore, Term 4 becomes Dxr,(¢(s | z,y)|l¢(s)), which is precisely the epistemic
value: the information gained about the latent quantity s from a prospective observation (x,y).

By contrast, Term 3 remains intractable because it depends on the true posterior p(s | x,y). The best the agent
can access is its current surrogate belief constructed from the historical data D;, namely ¢(-) = p(- | D;). This
motivates the first approzimation: we treat the surrogate belief as the best currently available approximation
to the true model, i.e., g(s) = p(s). If both the surrogate and true models update according to Bayes’ rule,

— _p(yls)a(s) _ _ p(@,yls)p(s)
q(S | $7y) fp(r,y|s)¢,1(s)als7 p(s | x,y) fp(m,y\s)p(s)ds

and the resulting decision rule is Bayes-optimal with respect to the agent’s current belief. This is the only
legitimate basis for action: a decision-maker cannot optimize with respect to an inaccessible ground truth, but
only with respect to its present posterior approximation. Moreover, under standard consistency conditions,
the discrepancy between surrogate and truth shrinks as more data are collected.

, then Term 3 vanishes under this approximation,

The second obstacle lies in Term 2, which depends on the true predictive distribution p(y | ). We therefore
introduce a second approximation: we replace p(y | «) by a preference distribution ppref(y) that does not
depend on z. This converts Term 2 into —Eq(,|») 10g ppret(y), which evaluates preferred outcomes under the
predictive model induced by choosing x. Intuitively, the agent now asks: if I take action x, what outcomes
am I likely to see, and how desirable are those outcomes?

To define a preference distribution from a task-level notion of desirability, we introduce a Boltzmann operator
Bs that maps a nonnegative potential energy function h : Z — R>( into a probability distribution:
e—h(=)/8
BalI)(E) = - g
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The parameter 8 plays the role of temperature: larger 3 yields a flatter, higher-entropy distribution, whereas
smaller 8 concentrates more sharply around the minimizers of h.

Applying this operator to a possibly time-varying potential energy function h(y | D;) gives a preference
distribution over outcomes, and hence

G~ —I(s; (z,y) | De) +1/8 - Eqypepplh(y | Do)l + Z,

where q(y | «, D;) is the predictive distribution of a surrogate model constructed from the historical data Dy,
and Z = log fy e "WIP)/B dy is a normalization constant independent of z.

This leads to our proposed decision paradigm:

Tyq = arg gleag{ﬂt I(s; (z,y) | Dt) = Eq(yjz,p0 [R(y | Di)]} -

epistemic pragmatic

Here, the conditional mutual information I(s; (x,y) | D;) captures the epistemic drive to reduce uncertainty
about latent quantities of interest; the expected potential E[h(y | D;)] captures the pragmatic drive to avoid
undesirable outcomes; and 3; > 0 controls the trade-off between those two.

By construction, this decision paradigm balances information-seeking and goal-directed behavior within a
single objective. Rather than treating exploration and exploitation as competing heuristics, it expresses
them as two inseparable aspects of one decision criterion: the agent seeks information insofar as it improves
outcome-sensitive action. In other words, it demonstrates a pragmatic curiosity (PraC).

3.3 A Unified View of Acquisition Strategies in BO and BED

PraC serves as a unifying umbrella principle for both learning-oriented and optimization-oriented acquisition
strategies. By varying the epistemic target s and the pragmatic potential h;(y), many classical acquisition
rules from BO and BED can be recovered as special cases or close approximations, as summarized in Table

Table 1: A unified view of different acquisition strategies in BO and BED, where x*, y* represent the true
optimal solution and value, respectively, and ¢ is the best value observed in D;.

Pragmatic Curiosity

Acquisition Strategy Acquisition Function
S he(y)

Expected Information Gain (Chaloner & Verdinelli, [1995) 1(0; (x,y) | Dy) 0 -
Entropy Search (Hennig & Christian J. Schuler| [2012) I(x*; (z,y) | D) x* -
Max-value Entropy Search (Wang & Jegelkal [2017) I(y*; (z,y) | Dy) y* -
Joint Entropy Search (Hvarfner et al., [2022) I((x*,y*); (z,y) | De) | (*,y%) -
Bayesian Algorithm Execution (Neiswanger et al.| [2021)) HOA(f); (x,y) | Dt) | Oalf) -
GP-Upper Confidence Bound ! (Srinivas et al., [2009) pi(x) + B %04 (x) fx —y
Probability of Improvement (Mockus), [1975) p(y > 9) - —I(y > 9)
Expected Improvement (Jones et al., [1998) E([y — 9]+) - —ly— 9]+

More importantly, this unifying principle opens the door to acquisition design for a broader class of hybrid
learning-and-optimization problems that go beyond classical BO and BED. Such problems are typically
governed by three coupled meta-decisions: (i) what the agent seeks to know, (i) what it seeks to achieve, and
(iii) how it trades off those two. In the next section, we formalize these three design axes through symbols,
regrets, and curiosity.

IStrictly speaking, the correspondence for GP-UCB is approximate rather than exact, because GP-UCB uses a first-order
standard-deviation term rather than a second-order variance term. Detailed derivations are provided in Appendix Still, the
connection reveals the information-theoretic structure underlying this heuristic form.



Under review as submission to TMLR

4 The Triad of Meta-Decisions: Symbols, Regrets, and Curiosity

One central contribution of PraC is that it foregrounds three meta-decisions underlying hybrid learning and
optimization: what latent quantity should be clarified, encoded by s; how outcomes should be evaluated,
encoded by h¢; and how strongly unresolved uncertainty should influence action, encoded by ;.

These choices are the operational levers through which an abstract decision paradigm becomes a concrete
decision rule. This section develops them both conceptually and operationally: symbols specify the latent
quantities whose clarification can change action; regrets provide an outcome-level landscape of task-relevant
shortfall; and curiosity regulates the exchange rate between clarifying knowledge and pursuing goals.

4.1 Symbols and Models

“All models are wrong, but some are useful.” A model becomes useful when it represents the distinctions
whose clarification can change what we should do. In PraC, we call these distinctions symbols. Different
modeling regimes induce different forms of symbols.

Parametric models. In parametric models, symbols are typically fized global symbols: the latent state is
represented by a finite-dimensional parameter whose components retain persistent semantic identities across
decisions. Examples include unknown physical coefficients, latent modes, transition parameters, or class
labels. In this regime, the epistemic objective is to reduce uncertainty about these stable hidden meanings.

Non-parametric models. In non-parametric models, there may be no finite set of globally privileged
coordinates. Instead, the relevant symbols are often induced local symbols, created by the contemplated
observations themselves. This is formalized by the following property.

Lemma 4.1 (Representation Compression). Let X C X be a subset of inputs, and let fx denote the
corresponding function values. Given a historical dataset D; and new measurements Y observed at X, then

I(fx; (X, Y) [ Dy) = I(fx; Y | Dy),

for any (finite or infinite) set X.
Proof. See Appendix [A] O

Lemma [41] shows that, under a non-parametric model such as a Gaussian process, the information gained
from observing Y at X is mediated entirely through the function values fx that directly generate those
observations. These local evaluations play a role analogous to parameters in parametric models or latent
states in partially observed dynamical systems, but they need not belong to a fixed global representation.

This compression reveals both the power and the cost of non-parametric representation. The power is
parsimony: the agent need not reason about every component of an infinite-dimensional latent object when
only a local slice can influence the prospective observation. The cost is semantic instability: because the
symbol is query-dependent, its meaning is induced by the decision context rather than fixed in advance.

This also suggests a broader role for PraC. PraC asks not merely how expressive a model is, but whether
the symbol used by the acquisition is sufficient for action evaluation, minimal enough to avoid epistemic
redundancy, and structured enough to support interpretable decision-making. Thus beyond selecting actions,
PraC can also guide the construction of representations. When the relevant structure is unclear, induced
local symbols can reveal which distinctions are repeatedly useful for decision. Over time, such recurring local
distinctions may be consolidated into more stable global symbols. In this sense, PraC does not only act
within a representation; it also provides a criterion for which representations deserve to persist.

4.2 Regrets and Goals

“All successes are successful alike, all failures are failed in their own way.” In many open-ended decision
problems, the goal is not fully known until we arrive there. It seems easier to address what it is not than what
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it is: success is often rare and difficult to characterize in full, whereas shortfall, inconsistency, or violation is
much more common and easier to recognize and certify. This makes regret a more modest object than reward.
A reward function typically imposes a complete preference ordering over outcomes. A regret function can
impose only a partial ordering: it separates outcomes by their degree of task-relevant shortfall, while leaving
outcomes with the same shortfall comparable only up to indifference. Under uncertainty, this prevents the
agent from hallucinating fine-grained preferences where the task does not justify them.

Regret therefore can be regarded as the shape cast by a goal onto outcome space: it gives a conservative
representation of what matters by quantifying how an outcome falls short of what is desired. We begin by
formally defining this generalized notion of regret.

Definition 4.2 (Regret Function). Let ) denote the outcome space, and let £ denote a desired reference,
such as an optimal outcome, a target set, a safety specification, or a preference criterion. A regret function

r(5€) Y — Rxo

quantifies how an outcome y falls short of the desired reference £. It obtains 0 for the desired outcomes, i.e.,
infyey r(y; §) = 0, with smaller values indicating outcomes that are closer to what is desired.

This abstraction recovers several important cases:

o When £ = y* is the global optimum of an objective function, r(y; ) reduces to the conventional instantaneous
regret in BO.

o When no outcome-dependent pragmatic preference is imposed, as in pure BED, one may take r(y; &) = 0,
so that decision-making is driven entirely by epistemic value.

o Intermediate choices recover hybrid objectives that jointly encode performance, safety, feasibility, or other
task-specific desiderata.

In practice, however, the ideal regret function r(-;£) is generally unknown, implicit, or computationally
intractable. A decision-maker therefore cannot act directly on r. Instead, it must rely on a belief-conditioned
surrogate that reflects its current internal assessment of outcome desirability:

Definition 4.3 (Potential Energy Function). The potential energy function is a belief-conditioned
surrogate regret

he: Y = Rso,  he(y) = h(y | Dy),
that represents the agent’s current internal assessment of the undesirability of outcome y based on the
information available up to time ¢. Thus, h; serves as a time-varying, belief-dependent approximation of the
true regret structure, and is updated recursively as new data are acquired.

The distinction between r and h; is what makes PraC operational. This mirrors the epistemic approximation
used earlier in deriving PraC: just as the inaccessible true posterior is replaced by the current surrogate
belief, the inaccessible true regret landscape is replaced by a belief-conditioned potential over outcomes. As
data accumulate, both the predictive model and the potential energy evolve, so that the agent’s internal
representation of desire is refined together with its understanding of the world. This distinction also clarifies
how h; should be designed in different regimes.

Known goals. When the goal is known, h; can be designed to directly encode domain knowledge. Examples
include classical regret with respect to an optimum, distance to a target set, penalties for constraint violation,
or weighted combinations of task performance and safety requirements. In this regime, the role of h; is to
express a known desiderative structure in a form that can be evaluated under the predictive model.

Unknown goals. When the goal is unknown or only partially specified, the regret itself must be learned.
In this regime, the pragmatic term should be endowed with additional structure, so that the agent can infer
not only how the world behaves, but also what outcomes should count as desirable or undesirable. A natural
construction is hierarchical: outcome desirability is mediated by additional latent variables or higher-level
regret models. Given an unknown regret model g : Y — R>¢, one can define h; through an inner EFE over
that regret model, yielding the nested acquisition

a(@ | Dy) = Bl (fx; (z,y) | D) + Eq(yla,p0) [ 7L (935 (4, 2) | Di) — Eqay,00)[2] 1, (3)
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where B,y > 0, and z ~ g(y) encodes the regret of outcomes.

In this way, the agent does not optimize with respect to a fully specified reward function given in advance;
rather, it learns a surrogate of regret jointly with the predictive model. This yields a richer and more flexible
account of the interplay between learning and optimization, and enables multiple layers of inference to be
composed within a single decision rule. For instance, as we will show later in the model ¢(y) can be
learned through preference feedback.

This point highlights a key advantage of the PraC paradigm. Unlike many mainstream approaches that
presuppose a fully specified reward function, PraC requires only a current surrogate of what can already
be recognized as desirable or regrettable, together with a mechanism for refining that surrogate as evidence
accumulates. One need not begin with complete illumination; it is enough to start by seeing a light in the
darkness, and to let both understanding of the world and understanding of the goal sharpen together.

4.3 The Degree of Curiosity

If symbols specify what hidden distinctions are worth learning, and regrets specify what desired outcomes
are worth pursuing, then the coefficient 3; determines how much immediate pragmatic sacrifice the agent
is willing to tolerate in order to refine its epistemic understanding. In this sense, 8; is the exchange rate
between clarifying knowledge and pursuing goals, which we denote as the degree of curiosity.

Different regimes of 3; produce different modes of behavior. When g; = 0, the agent treats its current symbols
as fixed and acts myopically with respect to the present surrogate of regret. At the other extreme, a very
large (; prioritizes information acquisition even when that information has weak pragmatic relevance. Neither
extreme is satisfactory: seeking knowledge without goals degenerates into aimless information gathering,
whereas pursuing goals without clarified meanings risks acting on an incomplete understanding of the world.

This reveals a closed-loop structure between knowledge and action. The agent acts according to its current
symbolic understanding and regret surrogate; the resulting observation then reshapes that understanding and
changes which future actions become desirable. Thus, curiosity should not be viewed as a static exploration
heuristic. Rather, it is a regulated gain in this knowledge—action loop: it determines how strongly unresolved
uncertainty should influence action when the agent’s current understanding may still be insufficient for reliable
decision-making. This motivates designing 5; as an adaptive controller for this knowledge—action loop.

Feedforward scale. The feedforward component estimates the scale of curiosity required for epistemic
value to be comparable with pragmatic value. Given a finite candidate set X224, let I;(z) ~ I(s; (z,y) | Dt)
estimates the epistemic information gain of querying x, and H;(x) := E[h;(y) | =, D;] estimates its expected

pragmatic regret. Let the informative candidate set be X" = {z € x4 : [,(2) > 7}, where 7 > 0. With
a quantile level p € (0,1), the feedforward scale is given as

a.(p) ﬁt(z)
B = Quantile'” ... —————,
K reX; ) If(x) +e€r

which estimates the local exchange rate between information and regret: when useful information is scarce
relative to pragmatic regret, the required curiosity scale increases; when information is readily available, a
smaller scale is sufficient to make information gain compete with immediate pragmatic regret.

Feedback activation. The feedback component determines whether an epistemic pressure is still needed.
Let U, be a scalar uncertainty measure over the relevant symbol, such as posterior entropy, and let U* denote
the desired epistemic equilibrium, typically zero or an irreducible uncertainty floor. Define

U, — U*

b . t

= kgcl —— 0,1
ﬂt BClp(UOU*Jr&U’ ’ )7

where Uy is the initial uncertainty, ks is a feedback gain, and ey > 0 prevents numerical instability.

The combined schedule for curiosity coefficient is then

ﬁt = Clip (ﬂ{bﬁfa ﬂmina ﬂmax) )
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with two components playing complementary roles: the feedforward term estimates how large curiosity must
be for information gain to compete with pragmatic regret, while the feedback activation suppresses curiosity
as the belief approaches the desired epistemic equilibrium. Thus, curiosity is high only when information is
both decision-relevant and epistemically needed; it relaxes when the relevant uncertainty has been resolved.

5 Experiments

We instantiate PraC across three regimes of increasing complexity, organized by the structure exposed by
the framework. First, we study fixed global symbols with known goals, where the latent quantity is a finite
hypothesis and regret is downstream Bayes risk. Second, we consider induced local symbols with known but
evolving goals, where the latent quantity is induced by a non-parametric surrogate and regret depends on
coverage already obtained. Third, we study a hierarchical setting with unknown goals, where the agent must
learn both how actions produce outcomes and how those outcomes should be valued. We analyze dynamic
scheduling of 5; in the first regime, where its closed-loop interpretation is most transparent, and use fixed
curiosity weights in the latter two regimes to isolate representation and evaluation design.

5.1 Fixed Global Symbols with Known Goals

We begin with the most transparent regime: the latent structure is fixed and the downstream goal is known.
Here the symbol is a finite hypothesis 6, and the task objective can be expressed through a downstream
loss. This setting allows us to examine whether curiosity can be elevated from an exploration heuristic to a
monitored and controllable regulation of the decision process.

In decision-oriented monitoring, the agent maintains a posterior over hypotheses 6, selects a sensor query
x, observes a measurement y, updates its belief, and evaluates the downstream decision loss. Let a € A
denote a downstream action and L(a, @) the loss incurred under hypothesis 6. Given the current surrogate
posterior ¢(6 | D;), the Bayes risk is

BR(Dt) = g(éiﬂ Eq(e\Dt) [L(a, 9)]

For a candidate query x, define the expected Bayes-risk reduction
ABR¢(z) = BR(D;) — Eq(yja,p,) [BR(D: U {(,¥)})] .
The PraC acquisition is therefore

ai(x) = BeI(0; (x,y) | Di) + ABRy(x).

Tasks. We evaluate three 2D plume-monitoring tasks. Source response localization asks the agent to dispatch
a response team near the true source, using normalized squared response distance as loss. Consequence-
weighted dispatch uses the same response structure, but assigns larger penalties to errors in high-consequence
regions. Active source prioritization asks the agent to select a limited subset of suspected leaks for repair, with
loss given by the weighted risk of true active sources left unrepaired. Details are provided in Appendix

Baselines and metrics. We compare dynamic PraC, fixed-g PraC with 8 = 5, random sampling, pure
information gain (EIG), and a decision-greedy policy that maximizes ABR;(x). We report posterior Bayes
risk and task-specific realized decision metrics: response loss for source localization and consequence-weighted
dispatch, and missed-source risk for active source prioritization. Additional metrics, including response success,
parameter error, top-k recall, weighted top-k recall, and detailed analysis are reported in Appendix

Results. Fig. [1] shows that dynamic PraC gives the strongest overall performance. In source response
localization, it achieves the lowest final Bayes risk while matching the best realized response loss. In
consequence-weighted dispatch, decision-greedy obtains the lowest posterior Bayes risk, but dynamic PraC
achieves the best realized response loss and lowest parameter error, indicating that reducing posterior risk
under the current belief need not coincide with improving the true downstream decision. In active source
prioritization, dynamic PraC obtains the lowest final Bayes risk, while both PraC variants substantially
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Figure 1:  Performance evaluation for decision-oriented plume-monitoring. Top row: posterior Bayes
risk. Bottom row: task-specific realized decision metric: response loss for source response localization
and consequence-weighted dispatch, and missed-source risk for active source prioritization. Shaded regions
represent +1 standard deviation over 20 seeds.

improve missed-source risk over EIG and random sampling. Scheduler diagnostics in Appendix further
support that dynamic 8; calibrates epistemic pressure according to Bayes-risk reduction and decision-relevant
uncertainty, functioning as a regulated exchange rate between clarifying knowledge and pursuing goals.

5.2 Induced Local Symbols with Known Evolving Goals

We next consider a regime where the relevant latent structure is not a fixed finite-dimensional parameter,
but a local symbol induced by the contemplated observation. The goal remains known, but evolves with the
outcomes already collected: once a target region has been covered, nearby outcomes become less valuable.
We use a fixed curiosity weight in this subsection to isolate the effect of symbolic flexibility.

A representative problem is targeted active search in multi-objective design, where the goal is to cover an
important outcome region S rather than optimize a scalar reward. Following Malkomes et al.| (2021)), let ¢
define the resolution at which nearby outcomes are considered redundant, and define

Cs(y) == {y :d(y,y) <6},  Cs(Y):= [ Cs(y).

yey

A natural coverage-shortfall potential is
hi(y) = Vol(§) = Vol(Cs(Y U{y}) N S),

which penalizes outcomes that add little new target coverage. Using the induced local symbol f, from
Lemma [.1] the PraC acquisition becomes

ay(x) = BI(fa;y | Di) + Eq(yja,p,) [VOU(Cs (Y U{y}) NS)].

Tasks. We study failure discovery for a YOLO-based perception module in autonomous-driving scenarios.
The input is a 3-dimensional scenario parameterization, and the outcome is a 2-dimensional failure metric
describing two collision-relevant failure modes. We consider three nested target sets, S D S D S3, where
smaller sets correspond to rarer and more difficult failure regions. Details are provided in Appendix [C.3]
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Figure 2: Performance evaluation for targeted active search on failure discovery in autonomous driving
scenarios. Top row: coverage in the outcome/metric space. Bottom row: coverage in the input/parameter
space. Shaded regions represent +1 standard deviation over 4 seeds.

Baselines and metrics. We compare PraC against random sampling and two expected coverage improvement
(ECI) variants adapted from Malkomes et al.|(2021): ECI-y, which greedily prioritizes outcome-space coverage,
and ECI-x, which prioritizes input-space coverage. We evaluate both metric-space coverage Cs(Y) and
parameter-space coverage Cs(X).

Results. Fig. [2| shows that PraC balances the two coverage pressures: it neither spreads samples broadly
in parameter space alone nor myopically chases already discovered target regions in outcome space. The
information term learns the local surrogate structure, while the coverage potential directs sampling toward
still-uncovered target regions. This is most useful for smaller target sets, where informative failures are
sparse. PraC achieves the largest normalized target-region coverage in the most challenging target set, with
an improvement of nearly 10 percentage points over the strongest baseline. Those results demonstrate how
induced local symbols allow the same acquisition principle to adapt from finite-hypothesis identification to
non-parametric target search when the model structure itself is not known a priori.

5.3 Hierarchical Symbols with Unknown Goals

Finally, we consider the regime in which the goal itself is not fully specified. The agent must learn both how
actions produce outcomes and how those outcomes should be valued. This setting emphasizes the role of
hierarchical regret: the pragmatic potential is not given directly, but inferred through an additional regret
model. We use fixed curiosity weights to isolate the effect of this hierarchical design.

A representative problem is composite Bayesian optimization with unknown preferences. An action
2 produces a multi-objective outcome y = f(x), while an unknown regret model ¢g(y) determines a scalar

evaluation over outcomes. Following (2022), we consider learning g from pairwise preference queries.
For a pair § = (y1,y2), let 1(§) € {1,2} denote the preferred outcome. As in|Chu & Ghahramani| (2005), we

use the probit likelihood

Pr((§) = 1] 9(un). g(uw)) = @(W) ,

where lower ¢(y) indicates lower regret and hence higher preference.

11
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Figure 3: Performance evaluation for composite BO with unknown preferences. Metric is the best preference
value attained among all collected outcomes. Shaded regions represent +1 standard deviation over 20 seeds.

At each iteration, the method selects a candidate pair & = (z1,2), observes outcomes § = (y1,y2), and
receives a preference label [. The hierarchical PraC acquisition is thus

ar(Z) = Bl (a3 (2,9) | Di) + Eqegiz,p) |1 (95 (3:1) | Dt)—yegng}Eq@(y)\y,m[g(y)] ;

where the first term learns the outcome model f, the second learns the regret model g, and the final term
exploits the currently predicted lowest-regret outcome.

Tasks. We evaluate three real-world multi-objective optimization problems of increasing complexity: wvehicle
safety with 5-dimensional inputs and 3-dimensional outcomes, penicillin production with 7-dimensional
inputs and 3-dimensional outcomes, and energy allocation in power grids with 40-dimensional inputs and
4-dimensional outcomes. Details are provided in Appendix [C.4]

Baselines and metrics. We compare full hierarchical PraC against ablations that remove the outer
epistemic term over f, the inner epistemic term over g, or both epistemic terms. These variants isolate the
contributions of outcome-model learning, regret-model learning, and their joint interaction. We report the
best true preference (negative regret) value attained among all collected outcomes. Additional comparisons
with BOPE-style stage-wise variants (Lin et al., [2022) are provided in Appendix

Results. Fig. |3|shows that PraC consistently outperforms the ablated variants in learning and exploiting the
unknown regret structure. As tasks become more complex, each component of the hierarchical acquisition
becomes more important. In particular, the energy-allocation task shows that ignoring either outcome-model
exploration or regret structure can prevent reliable discovery of high-preference regions, whereas the full
PraC acquisition continues to improve. Additional comparisons with BOPE-style stage-wise variants in
Appendix shows that stage-wise methods are sensitive to their switching schedules, while PraC more
reliably discovers high-preference regions. These results support the central claim of hierarchical PraC: the
agent can jointly learn what the world does and what matters, without requiring a manually staged separation
between learning and optimization.

6 Conclusion

This paper introduced Pragmatic Curiosity (PraC), a unified framework for hybrid learning and opti-
mization. The framework exposes three operational design choices: symbols, the latent quantities whose
clarification can change action; regrets, the potential landscapes that encode task value or shortfall; and
curiosity, the exchange rate between information and pragmatic value. It offers a mechanism for refining
knowledge and action together when grounded in task-relevant symbols and regulated by regret-based
potentials. Across decision-oriented monitoring, targeted active search, and composite Bayesian optimization
with unknown preferences, PraC reduced downstream decision risk, improved coverage of critical outcome
regions, and jointly learned predictive and regret structures without relying on task-specific staging rules.
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A Proof of Lemma (Representation Compression)

To prove Lemma [L.T] we first introduce a lemma:

Lemma A.1. For any (finite or infinite) set X, after a few new measurements (X,Y),X C X the KL
divergence between p(fx|DU (X,Y)) and p(fx|D) is

LOYISx) |, DOV ),
L(Y) °TL(Y) "

Dirlp(fx|D U (X, Y))|p(fx]D)] = Eppx|p)|

where L(Y|fx) is the likelihood of observations, L(Y) = [ L(Y|fx)p(fx|D)dfx the marginal likelihood.

Proof. We first consider the case where X is finite to provide an intuitive insight. The KL divergence between
p(fx|DU(X,Y)) and p(fx|D) can be given as

Dxrlp(fx|D U (X, Y))lp(fx|D)]
=Dxur[p(fx\x, [x[DU(X,Y))[p(fx\x, fx|D)]

B p(fr\x, fx|DU (X, Y))
*/p(fX\X,feru (X,Y))log (o, fxID) df x\xdfx
B p(fa\x, fx|D)L(Y|fx)
—/P(fX\x,fme(X»Y))lOg (oo, fx|D)L(Y) df v\ xdfx
= [ ol fxID U XY ok Z 2 e (@
= [ wttxlp U ¥ o Z T
[ p(xID)L(Y|fx),  L(Y|fx)
- PR e e
L(Y L(Y
=Ep(rxim)| (L(L’g() log (L(xlgd]’

where L(Y|fx) is the likelihood of observations, L(Y) = [ L(Y|fx)p(fx|D)dfx the marginal likelihood.

Now we move to the more general cases where X is infinite. In such cases, there is no useful infinite-dimensional
Lebesgue measure with respect to an “infinite-dimensional vector” fy. Thus, we need to resort to a more
general definition for KL divergence based on the Radon-Nikodym derivative:

Definition A.2. If P and @ are probability measures over a set X, and P is absolutely continuous with
respect to @, then the KL divergence from P to @ is defined as

Die[P[Q) = /X 1og(j—g>dp,

where % is the Radon—Nikodym derivative of P with respect to @, and provided the expression on the
right-hand side exists.
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According to the measure-theoretic definition of Bayes’ theorem for a dominated model (Schervish, [1995), the
Radon-Nikodym derivative of the posterior P(-) := p(-|D U (X,Y)) with respect to the prior P(-) := p(-|D) is
given as

dp _ L(Y|fx)
~(fx) =

dp L(Y)
Since the dataset Y is finite, so similar to previous, we restrict the likelihood to only depend on the finite
dataset:

dpr _ L(YIfx)

—(fx) =

dp L(Y)

Now the KL divergence between P and P is quantified as

Dxu[P(f2) ]| P(fx)]
- /f loa(L ()PU)
- [ a2 dap
[t

dP(fx)

=E

L EYUR) ) E(Yx)
PeOlTLY) B TIY) P

which has the exact same form as equation [

Therefore, we can conclude that regardless of the set X' being finite or infinite, the KL divergence between the
prior and posterior only depends on the evaluations of the observed data. That is to say, whilst we are in fact
quantifying the KL divergence between the full distributions, we only need to keep track of the distribution
over finite function values fx. O

Now we are ready to prove Lemma [1.1]

Proof. According to Lemma [A1T]

I(f; (X,Y)|D) =Epryjx,0) [Dxi[p(fx D U (X, Y))|lp(fx|D)]]
LYIfx) ), LOYIS%),
LY) L)

L(Y L(Y

=Erv)Epsxim)l (L(Lg() log (L(gf) ]
L(Y L(Y

=Ep(sxp) /[L(L‘Eg;() log L(L‘E;;()]L(Y)dY

“Eyreim) [ LY10)tog LB gy

=Ey (<10 [Dxe [L(Y] fx) | L(Y)]]

=I(fx; Y|D).

=Epvx,0)Ep(sx|m) |

16



Under review as submission to TMLR

B Re-interpretation of GP-UCB

The reinterpretations of most of the acquisition strategies in Table [1| are straightforward according to their
definitions. However, placing a rather intuitive GP-UCB strategy within this framework seems implicit. To
reveal their connection, we resort to Lemma Then if we assume constant Gaussian noises N ~ (0, 02) for
the observations, we have

I(f2;yIDr) = Wy | Di) — H(ylfz, Dt)
= %log(l + o0 %01 (2)),

where ¢02(z) is the variance evaluated on the GP model p(f,|D;).

When further assuming that the GP kernel x(x,2') < 1,Vr, 2’ € X, then 0 < 02(z) < ky(z,2") < 1, which
gives
log(1 4 o 202(x)) > log(1 + 0~ 2)o2(x).

If we choose 8 = %log(l +072), then the epistemic term in PraC, i.e., I(f.;y|D;), provides an upper bound
of the square of the exploration term 3'/2¢;(z) in GP-UCB.

This reveals the close relationship between GP-UCB and PraC, showing that the uncertainty bonus in
GP-UCB can be viewed as a first-order surrogate for an information-theoretic epistemic term.

C Experimental Details

This appendix provides a comprehensive overview of the simulation environment, model parameters, and
hyper-parameter choices used to generate the results in this paper. The experiments were designed to be
reproducible given the configurations outlined below.

C.1 Simulation Environment

All simulations for the perception failure evaluation in CARLA (Section were conducted on a Linux
workstation with Ubuntu 22.04 LTS equipped with an Intel 13th Gen Core i7-13700KF CPU (16 cores, 24
threads, up to 5.4 GHz) and an NVIDIA GeForce RTX 4090 GPU (24 GB VRAM). The system ran CARLA
simulations using CUDA 12.2 and NVIDIA driver version 535.230.02.

All other experiments were run on a MacBook Pro equipped with an Apple M2 Pro processor (10-core CPU,
16-core GPU) and a 3024 x 1964 Retina display. The GPU supports Metal 3, and the system was used as-is
without external accelerators.

All experiments were conducted using Python 3.9. The core scientific computing libraries utilized were:

o BoTorch (Balandat et al.l [2020)
o GPyTorch (Gardner et al., [2018])

In all experiments, we utilized the built-in Monte Carlo sampler in Botorch for the optimization of acquisition
functions. The Monte Carlo samples are drawn from the posteriors for each model to approximate the
expectations of acquisition functions, and default optimization method in Botorch are used to optimize the
acquisition functions.

C.2 Decision-Oriented Plume Monitoring

This appendix provides implementation details and additional analysis for the decision-oriented plume-
monitoring experiments in Section All three tasks share the same sequential decision structure. The
agent maintains a posterior distribution over latent environmental hypotheses 6, selects one sensor query x
at each iteration, observes a plume count y, updates the posterior, and evaluates the downstream decision
induced by the updated belief.
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C.2.1 Plume Field Model

We consider the monitoring of a chemical plume field within a 100 x 100 domain, where multiple plume
sources generate plume particles that can be measured by sensors. The field function is represented by the
rate of hits, defined as the average number of particles per unit time measured by the sensor at a certain
location.

The rate of hits for a chemical plume source is given as:

R, (0 —=z,V)

Ro(w) = 10255 exp(— 5 5

)

116 — 2l
K,
o)

where 6 is the location of the plume source, R is the rate at which the plume source releases the plume

particles in the environment, v = 1/ D7 /(1 + %) is the average distance traveled by a plume particle in
its lifetime, a is the size of the sensor detecting plume particles, V' is the average wind velocity, D is the

diffusivity of the plume particles, and Ky is the Bessel function of zeroth order.

The measurement y, i.e., the number of particles measured, is modeled as a Poisson random variable with
Ro(x)At as the rate parameter, which leads to a likelihood model as

exp(— Ry (z)At)(Rg(x)At)Y
y!

)

Lo(ylz) =
where At is the time taken to obtain a measurement.

C.2.2 Task 1: Source Response Localization

The first task asks the agent to localize a plume source well enough to dispatch a response team near it. The
true source is located at (35,65). The latent hypotheses 6 consist of source-location hypotheses on a grid
over the 100 x 100 domain with spacing 5, together with source-strength related multipliers

0.4,0.7,1.0, 1.6].

The response actions form a coarser grid with spacing 20. The prior is intentionally multimodal, with modes
near (75,25) and (35, 65), so the agent must resolve a decision-relevant ambiguity rather than simply exploit
a unimodal belief.

For a response action a and hypothesis 0, let £y denote the source location specified by 6. The downstream
loss is the normalized squared response distance,

lla — £oll3

LIOC(aa 0) = 1002 + 1002 .

Given posterior ¢:(0) = ¢(0 | D;), the Bayes risk is

BR(g;) = min > a1(0) Lioc(a, ),
0

and the Bayes action is
ay = arg main Z qt(0) Lioc(a, 6).
0

For dynamic curiosity schedule, the default dynamic settings are

p=075 ks=1, er=10"% ey =102 PBumin=10"% Bpax =10, U*=0.
We report:

o Bayes risk: BR(¢:).
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e Response loss: realized loss of the Bayes action under the true source,
LIOC(a':a Htrue)-

e Response success: whether the selected response action lies within one response-grid spacing of

the true source,
{lla — Loy,

, <20},

e Parameter error: Euclidean error between the posterior MAP source location and the true source
location.

C.2.3 Task 2: Consequence-Weighted Dispatch

The second task uses the same response-decision structure, but errors in high-consequence regions are more
costly. The true source is located at (68,72). The prior has modes near (34, 66), (68,72), and (76,24), and
the high-consequence region is centered near the true source.

Let C(¢p) denote the consequence weight associated with the source location under hypothesis 6. In the
implementation, this weight is defined by a baseline term plus Gaussian consequence regions,

€0 — c;l3
Clg) = Cy + ij exp (205” ,

J

with an additional source-strength multiplier. The consequence-weighted downstream loss is

lla — ¢oll3

Lew(a,0) = C(%)m~

Given posterior ¢;(f), the Bayes risk is

BR(Qt) - mgn Z qt (G)Lcw(av 0)
6

For dynamic curiosity schedule, the default dynamic settings are

p=075 k=1, er=10"% ey =102 Buin=10"% Buax =10, U* =0.
We report:

o Bayes risk: posterior expected consequence-weighted loss of the Bayes action.
« Response loss: realized consequence-weighted response loss under the true source.
« Response success: the same geometric success criterion as in source response localization.

¢ Parameter error: Euclidean MAP source-location error.

C.2.4 Task 3: Active Source Prioritization

The third task models limited repair or inspection resources. There are six possible sources, and the true
active sources are indices [4,5]. The repair budget is kK = 2. The source consequence weights are

[70,65,5,5,180,170],
and the prior activity probabilities are

0.82, 0.80,0.40, 0.40, 0.15, 0.15].
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This creates a decision tension: the prior favors high-probability decoys, while the true active sources have
high consequence weights but low prior activity.

The posterior is over nonempty active-source subsets 6. Let
z;(0) € {0,1}

indicate whether source i is active under hypothesis 6. The posterior marginal activity probability of source ¢
is
i =Y a(0)z(0).

0

With zero false-positive cost, the expected missed-source risk before selecting repairs is
Z Wiqt,i-

i

If the selected repair set is S, its posterior expected benefit is

Z W;idqt,;-

€S

The Bayes action selects the top k sources by w;q;;, and the Bayes risk is
BR = W;Q; — Max Wit ;-
(qt) ; iqt,i \S|:ki€z;g iqt,i

For dynamic curiosity schedule, the default dynamic settings are

p=09, kg=2, e =10"° ey =10 PBun=1PBmx=10, U*=0.
We report:

e Bayes risk: posterior expected weighted risk left unrepaired after selecting k sources.
e Missed-source risk: realized total weight of true active sources not selected,

S w

1€ Atrue \ St

e Top-k recall:
|St N Atrue|

min(k, | Atruel|)”

e Weighted top-k recall:
Ziesthtrue Wi

ZiEAtrue Wi

e Parameter error: symmetric-difference size between the MAP active-source set and the true
active-source set.

C.2.5 Baselines

We compare the following methods.

Random. Random selects a sensor query uniformly or according to the predefined random sampling
protocol over the candidate set.
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Pure information gain. EIG selects

xy = arg max I(z),
IeXtcand

and therefore learns the latent environment without regard to downstream decision consequence.

Decision-greedy. Greedy selects
xy = arg max ABR:(x),
zexgand
and therefore maximizes immediate expected downstream Bayes-risk reduction without explicitly valuing
epistemic clarification.

Fixed-g PraC. Fixed PraC uses R
ar(x) = ABRy(x) + 5 I (x).

Dynamic-3 PraC. Dynamic PraC uses the same acquisition but computes f; adaptively from the
feedforward—feedback schedule described in Section 3}

C.2.6 Analysis of Decision-Oriented Monitoring Results

The decision-oriented plume-monitoring experiments are designed to test whether PraC learns environmental
distinctions that matter for downstream action, rather than merely reducing parameter uncertainty. The
detailed results are reported in Table 2}

Across the three tasks, the results show three complementary behaviors: dynamic PraC improves downstream
Bayes-risk reduction in the response-localization and source-prioritization tasks; decision-greedy can be
competitive when posterior risk is already well aligned with the downstream loss; and pure information gain
can fail when uncertainty reduction is not sufficiently targeted toward the decision-relevant ambiguity.

Source response localization. In source response localization, dynamic PraC achieves the lowest final
Bayes risk, 0.0025 4 1.59 x 10~'2, and also obtains zero parameter error. All non-random adaptive methods
achieve the best realized response loss and response success, indicating that the response decision itself is
relatively easy once the posterior identifies a response-equivalent source region. However, the Bayes-risk
and parameter-error results reveal a sharper distinction among methods. Dynamic PraC resolves the latent
ambiguity most completely, whereas fixed PraC and EIG retain residual MAP source-location error, and
Greedy retains larger parameter error. This suggests that, in this task, downstream decision improvement
and epistemic clarification are aligned, but dynamic curiosity still improves the posterior quality beyond what
is required for merely selecting a successful response action.

Consequence-weighted dispatch. The consequence-weighted dispatch task is more diagnostic because
the posterior Bayes risk and the realized response loss no longer rank methods identically. Greedy achieves
the lowest final Bayes risk, 0.0254 4+ 0.00538, because it directly optimizes the one-step expected reduction
in posterior risk. However, dynamic PraC achieves the best realized response loss, 0.0347 4+ 0.00771, and
the lowest parameter error, 7.62 + 5.56. This gap is important: posterior Bayes risk measures expected loss
under the agent’s current belief, whereas realized response loss evaluates the downstream decision under the
true latent hypothesis. A purely greedy policy can therefore reduce posterior risk quickly while still failing to
collect information that would improve the realized decision under the true source. Dynamic PraC sometimes
sacrifices immediate posterior-risk reduction to clarify the environmental hypothesis, which improves the
eventual response decision in the realized environment.

Active source prioritization. Active source prioritization creates a different form of decision ambiguity.
The prior assigns high activity probabilities to some lower-consequence decoy sources, while the true active
sources have lower prior probability but much larger consequence weights. Dynamic PraC achieves the lowest
final Bayes risk, 2.86 4+ 2.72, improving over fixed PraC, Greedy, EIG, and Random. Dynamic and fixed
PraC tie on missed-source risk, top-k recall, and weighted top-k recall, showing that both PraC variants
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reliably identify the high-consequence sources needed for the repair decision. By contrast, EIG and Random
perform substantially worse on missed-source risk and weighted recall. This supports the central point of the
decision-oriented formulation: information is useful only when it helps resolve the ambiguity that affects the
downstream repair set. Pure information gain may reduce uncertainty over the active-source subset, but it
does not necessarily prioritize distinctions that change the top-k consequence-weighted decision.

Comparison with pure information gain. EIG is a strong baseline when learning the latent hypothesis
is well aligned with the downstream decision. This explains why it performs competitively in source response
localization and matches fixed PraC on several metrics. However, EIG lacks an explicit mechanism for
distinguishing decision-relevant uncertainty from decision-irrelevant uncertainty. In consequence-weighted
dispatch and active source prioritization, this limitation becomes more visible: EIG can collect information
about the environment without adequately targeting the distinctions that reduce consequence-weighted
response loss or missed-source risk. PraC addresses this by coupling information gain with expected Bayes-
risk reduction.

Comparison with decision-greedy. The decision-greedy baseline isolates the pragmatic term by choosing
queries that maximize ABR;(z) without any explicit epistemic value. Its strong Bayes-risk performance in
consequence-weighted dispatch shows that myopic posterior-risk reduction can be effective when the current
belief already points toward useful response decisions. However, Greedy is more vulnerable when the current
posterior is brittle or biased by the prior. In active source prioritization, Greedy is substantially worse than
dynamic PraC in final Bayes risk, even though it remains competitive on some top-k metrics. This indicates
that myopic decision improvement may not be sufficient when the downstream action depends on resolving
low-prior but high-consequence hypotheses.

Why Bayes risk and realized loss can disagree. The distinction between Bayes risk and realized
downstream loss is essential for interpreting these experiments. Bayes risk is the expected loss under the
agent’s posterior belief, while realized loss is evaluated under the true latent hypothesis. A method can
reduce Bayes risk by becoming confident under its current posterior, even if the posterior remains biased
in a way that hurts realized performance. This is why Greedy can obtain the lowest final Bayes risk in
consequence-weighted dispatch while dynamic PraC obtains the best realized response loss and parameter
error. PraC’s epistemic term helps correct the posterior before committing too strongly to the current decision
surrogate.

Overall, the three tasks show that PraC is most beneficial when downstream action depends on resolving
specific decision-relevant ambiguity. When the pragmatic objective and epistemic objective are aligned, PraC
remains competitive with EIG and Greedy. When they diverge, dynamic PraC provides a mechanism for
deciding when information is worth acquiring because it improves downstream action. This supports the role
of PraC as a hybrid learning-and-optimization framework: the agent does not learn the environment for its
own sake, nor does it merely optimize the current posterior decision; it learns the environmental distinctions
that make better downstream action possible.

C.2.7 Diagnostics of Dynamic Curiosity

In addition to the main performance curves, we report scheduler diagnostics to verify that dynamic curiosity
behaves as intended. The diagnostic plots include:

e [, the scheduled curiosity coefficient;
o B the feedforward exchange-rate scale;
o B3P the feedback activation factor;

. 5tjct(zt), the selected effective epistemic pressure.

These diagnostics distinguish three regimes. When decision-relevant uncertainty is high, the feedback
activation keeps curiosity active. When useful information is costly relative to downstream Bayes-risk
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Table 2: Full final performance metrics for decision-oriented plume monitoring over 20 seeds. Lower is better
for Bayes risk, response loss, parameter error, and missed-source risk. Higher is better for response success,
top-k recall, and weighted top-k recall. Bold indicates the best or tied-best mean within each task and metric.
Dyn. PraC denotes dynamic-3; PraC; Fixed PraC denotes fixed-g PraC with g = 5.

Source Response Localization

Metric

Dyn. PraC

Fixed PraC

Greedy

EIG

Random

Bayes risk |

0.0025 + 1.59x1018.00377 & 0.00254  0.00463 + 0.000765

0.00377 + 0.00254

0.0124 £ 0.00495

Response loss | 0.0025 + 0 0.0025 +0 0.0025 £ 0 0.0025 £ 0 0.0125 4+ 0.00632

Response success 1 1.00+0 1.00 =0 1.00 +0 1.00 + 0 0.80 + 0.40

Parameter error | 0.00+0 2.00 + 4.00 5.24 + 5.25 2.00 £ 4.00 8.61 £ 5.09
Consequence-Weighted Dispatch

Metric Dyn. PraC Fixed PraC Greedy EIG Random

Bayes risk | 0.0282 4+ 0.00374 0.0398 + 0.0125 0.0254 + 0.00538 0.0398 + 0.0125 0.0422 £ 0.0118

Response loss |

0.0347 £ 0.00771

0.0424 £ 0.00945

0.0424 £ 0.00945

0.0424 £ 0.00945

0.0463 £ 0.0144

Response success 1 1.00+0 1.00+0 1.00+0 1.00+0 1.00+0
Parameter error | 7.62 + 5.56 8.86 £ 6.60 8.04 + 3.06 8.86 + 6.60 17.8 £9.72
Active Source Prioritization

Metric Dyn. PraC Fixed PraC Greedy EIG Random
Bayes risk | 2.86 £ 2.72 3.59 £ 2.70 14.0 + 10.6 23.3£19.1 34.5£17.0
Missed-source risk | 34.0 + 68.0 34.0 £ 68.0 36.0 £ 72.0 68.0 £+ 83.3 316 £ 68.0
Top-k recall 1 0.90 + 0.20 0.90 + 0.20 0.90 + 0.20 0.80 £+ 0.245 0.10 £ 0.20
Weighted top-k recall 1 0.903 £+ 0.194 0.903 + 0.194 0.897 + 0.206 0.806 + 0.238 0.0971 £ 0.194

reduction, the feedforward scale increases. When the decision-symbol posterior concentrates, the feedback
activation suppresses curiosity even if raw information-gain ratios become numerically large. This prevents
late-stage ratio explosions and makes the dynamic schedule interpretable.

Role of dynamic curiosity. The dynamic schedule gives §; an operational meaning as an exchange
rate between epistemic value and downstream Bayes-risk reduction. The feedforward scale estimates how
large curiosity must be for information gain to compete with pragmatic improvement, while the feedback
activation suppresses curiosity as decision-relevant uncertainty decreases. This prevents §; frorri acting as
a fixed exploration knob. Instead, the relevant quantity is the effective epistemic pressure SiI;(z). The
empirical results are consistent with this interpretation: dynamic PraC improves posterior quality in source
response localization, improves realized downstream loss in consequence-weighted dispatch, and achieves the
lowest Bayes risk in active source prioritization.

C.3 Targeted Active Search

We consider the failure discovery for YOLO-based object detection (Jiang et al.l 2022; Redmon & Farhadi,
2018) in the CARLA simulator (Dosovitskiy et al., 2017)).

C.3.1 Perception in self driving simulation CARLA

This requires the generation of various scenarios in the environment using CARLA simulator. The environ-
ment is a composition of a static context and scenario ¢. We use the probabilistic programming framework
Scenic (Fremont et al.l |2019) for sampling scenarios with varying contextual information for a fixed scenario
variable ¢. For the simulations presented in this paper, we used a publicly available, pre-existing environ-
ment (Dreossi et all] [2019), which consists of the ego vehicle maneuvering on the road with two non-ego
agents— two non-ego cars and a pedestrian crossing the road. We use YOLO object detection model to detect
all non-ego agents in a scene. The generated scenario is seeded for reproducibility, so that for a given scenario
¢, the environment can be treated as a deterministic quantity. Each scenario is defined using ¢ = [be, by, s],
where b, b; € [5,15] represent the braking threshold of the ego car and lead car (non-ego car in-front of the
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Figure 4: Diagnostics of dynamic curiosity scheduler. Shaded regions show mean 41 standard error over 20
seeds.
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Figure 5: Examples of missed object detection by YOLO due to two reasons considered in perception failure
case study in Section [C.3] Fig (left to right): example of Failure-1 (distance), Failure-2 (poor light) and
Failure-1 and Failure-2 both in one scene (distance and poor light), respectively. Bounding boxes for detected
objects (misdetections) shown in yellow (red) with detection confidence numbers. Each scene has two cars
and a pedestrian.

ego car) (m) and s € [0,7/2] denotes the sun altitude angle (rad). Each of these quantities is normalized to
be within [0, 1], and the normalized scenario is chosen as the decision variable x for active inference.

We are interested in environment variables (scenarios) that lead to two specific types of failures— failure to
detect non-ego agents due to large distance from ego vehicle (Failure 1), and failure to detect non-ego agents
due to poor scene lighting (Failure 2). Fig. [5| shows examples of the discussed object detection failures we
aim to discover.
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C.3.2 LLM-based evaluation for CARLA

We use LLM to perform evaluations for whether a generated scene corresponds to a failure due to specific
type.

Each evaluation for a specific scenario corresponds to 1" = 60 steps of simulations. Images recorded from the
camera view are used for object detection and classification at every 10 steps using YOLO-v3 (Redmon &
Farhadi), [2018]), and the classified image are used as inputs to GiT (Wang et al., 2022) to predict a likely
failure type based on fine-tuning data.

Results obtained from YOLO, along with the reports from GiT are used as inputs to GPT3 model for failure
evaluation, which is queried 6 times per evaluation, and assigns binary scores pertaining to each failure mode
for each scene (camera image). The average value reported across 6 scenes is used to construct ¢; : Z — R
fori=1,2 as: ¢;i(2) = % Zthl bi. Here bi € {0, 1} is a scene-specific binary evaluation provided by the LLM
based on report generated by GiT to assess if an object detection failure is observed in a given scene and
corresponds to Failure-:.

We use GPT-3.5 Turbo model for LLM-based binary evaluations, with each evaluation we query the LLM 6
times and combine the binary evaluations for all 6 runs. Note that usage of LLM is not a core part of our
methodology and is used only as a subjective evaluator.

We show the prompt used for failure evaluation of each scene using the LLM in the box below. Information
shown in red and blue is obtained from GiT captioning system, and CARLA respectively. The output of the
LLM is used to obtain a binary number for each scene which is composed to give a scenario specific cost
function cq, cs.

C.3.3 Task-Specific Configurations

e Goal: We consider two cost functions cj, co associated with each type of failure. The goal is to
sample from the set Q = {z|c1(2) > C1,c2(z) > Ca}, and we consider three target sets defined by

Cy =Cy=0.1,
01 = 02 = 05, and
Ci =0Cy=08.

e Degree of curiosity: 8 = 20.0.
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Prompt Used for CARLA evaluation

You will be provides the analysis of YOLO Object detection on an image that was taken from the
camera feed of CARLA simulator. The simulator is simulating a pedestrian crossing the road before a
car in front of the ego car. There are two cars and one pedestrian in each image.

The information provided:

1. Objects detected: List of objects detected by YOLO in the image. This list should have atleast
one object from the Objects to detect list

2. Objects to detect list:

e One object with one of the following labels: ‘car’,‘truck’,
e One object with one of the following labels: ‘car’, ‘truck’,‘bus’,‘motorcycle’,‘bicycle’
e One object with one of the following labels: ‘person’

3. Reason: The reason is a brief explanation of the failure to detect all objects, if that happens,
and is generated by a pre-trained GiT model in the form of captions for the image.

We are looking to discover images where YOLO fails to detect an object due to bad light and/or
large distance. If the list of objects detected has an object missing from the objects to detect list,
look at the reason. The reason can have other components as well, but it can ‘only’ be considered as
bad light if at least one of the objects was failed to detect strictly due to bad light. Similarly, the
reason can have other components as well, but it can ‘only’ be considered as large distance if the
reason contains the phrase ‘far away’. Follow the response instructions while responding.

Response Instructions: Respond should be an integer 0, 1, 2, 3 or 4:

¢ 0 indicating that at least one object was missing from the ’objects to detect’ list, but the
reason provided does not correspond to bad light or large distance.

¢ 1 indicating that an object was not detected and the reason provided corresponds to bad light
only.

¢ 2 indicating that an object was not detected, and the reason corresponds to large distance
only.

¢ 3 indicating that an object was not detected, and the reason corresponds to both large distance
and bad light.

¢ 4 indicating all objects are detected. Do not provide explanation.

Response format: Response: [integer|, where integer = 0,1,2,3,4.
The list of objects detected and reason for incomplete detection for the image are as follows:

o Objects detected: {objects}

o Reason: {reason}

C.4 Composite Bayesian Optimization

C.4.1 Preference Evaluation

We simulate human-in-the-loop or policy-driven decision-making via pairwise preference queries. That is, for
selected pairs of outcomes (y1,y2), a preference function indicates which design is preferred. These preferences
are generated based on a latent utility function, not revealed to the optimizer.

An initial set of 1 pairwise preferences is randomly sampled to initialize the model. Each step of the
optimization selects new pairs to query, guided by the used acquisition strategy.
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C.4.2 Task-Specific Configurations

Vehicle Safety.

e Goal: Optimize vehicle crash-worthiness.
o Testbed: See|Tanabe & Ishibuchi (2020) for details.
o Ground Truth: g(y) = (y — y*)?, where y* = [1864.7202, 11.8199, 0.2904].

e Degree of curiosity: § =~ = 1.0.
Penicillin.

e Goal: Maximize the penicillin yield while minimizing time to ferment and the CO2 byproduct.
o Testbed: See|Liang & Lai| (2021) for details.
o Ground Truth: g(y) = (y — y*)?, where y* = [25.935,57.612,935.5].

e Degree of curiosity: § =~ = 1.0.
Energy Resource Allocation.

o Goal: Identify deployment strategies for Distributed Energy Resources (DERs) in Optimal Power
Flow (OPF) that align with implicit ethical preferences across multiple performance dimensions
detailed in the following table.

e Testbed: IEEE 30-bus network in pandapower library.
o Ground Truth: g(y) = aTy, where a = [-1,1, -2, —1]

e Degree of curiosity: g =~ = 1.0.

Performance Metrics Definition

Voltage Fairness Measures the variance in bus voltages across the network; lower variance
implies more equitable voltage delivery.

Total Cost Combines capital expenditures for DER installation and operational

costs related to reactive power support.

Priority Area Coverage Quantifies the share of power delivered to high-priority buses, such as
rural or underserved regions.

Resilience Assesses the percentage of time that all bus voltages remain within
safe operating limits under perturbations (e.g., load uncertainty or line
outages).

C.4.3 Comparison with BOPE

To highlight the benefits of jointly learning and optimizing, rather than separating these into stages, we
extend the baseline comparison with BOPE from |Lin et al.| (2022).

The original BOPE framework is intentionally flexible and leaves many problem-specific design choices open,
especially regarding how and when to switch between preference exploration and experimentation. In our
comparison, we consider four representative stage-wise variants:

o« BOPE-I: A two-phase strategy that starts with qEUBO (preference-focused exploration) and

switches to gNEI in the second half (objective-driven refinement), illustrating the effect of premature
exploitation.
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Figure 6: Comparison with BOPE-style stage-wise variants for energy resource allocation. Metric is the best
preference value attained. Shaded regions represent +1 standard deviation over 20 seeds.

o BOPE-II: A two-phase strategy that starts with qNEI (exploring the objective space) and switches
to qEUBO in the second half (exploiting the learned preference model), using a frozen outcome
snapshot for gEUBO.

e BOPE-III: A qEUBO-only variant where experiments are selected by qEUBO with a newly sampled
objective realization at each iteration, encouraging stronger exploration through objective variation.

o« BOPE-IV: A BOPE variant that uses standard preference exploration (qEUBO) and selects
experiments exclusively with qNEI, fully refitting both outcome and preference GPs after each
update.

Figure [6] reports their preference scores over random sampling (RS). It is evident that our method (PraC)
consistently discovers higher-preference regions after a brief initial exploration phase, while BOPE variants
are highly sensitive to their stage-wise design choices. BOPE-I, being preference-driven in the first phase,
initially attains higher preference values but fails to balance exploration and exploitation, leading to poor
convergence in the second half; its performance is also sensitive to the precise switching point. BOPE-II
explores first and then optimizes, achieving better final performance than BOPE-I, but the strict separation
between exploration and exploitation still yields suboptimal outcomes. BOPE-III mixes both aspects but
remains more exploitation-centric, performing better than BOPE-I/II yet still below PraC. BOPE-IV and
PraC share the idea of refitting both models at each step, but BOPE-IV converges to a lower-preference
solution. In contrast, our acquisition strategy jointly leverages information from both the outcome and
preference models at every iteration, leading to higher sample efficiency and more reliable discovery of
high-preference regions.
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