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Abstract

In many scientific and engineering fields, where acquiring high-quality data is
expensive—such as medical imaging, environmental monitoring, and remote sens-
ing—strategic sampling of unobserved regions based on prior observations is cru-
cial for maximizing discovery rates within a constrained budget. The rise of power-
ful generative models, such as diffusion models, has enabled active target discovery
in partially observable environments by leveraging learned priors—probabilistic
representations that capture underlying structure from data. With guidance from
sequentially gathered task-specific observations, these models can progressively
refine exploration and efficiently direct queries toward promising regions. However,
in domains where learning a strong prior is infeasible due to extremely limited data
or high sampling cost (such as rare species discovery, diagnostics for emerging
diseases, etc.), these methods struggle to generalize. To overcome this limitation,
we propose a novel approach that enables effective active target discovery even
in settings with uninformative priors, ensuring robust exploration and adaptability
in complex real-world scenarios. Our framework is theoretically principled and
draws inspiration from neuroscience to guide its design. Unlike black-box policies,
our approach is inherently interpretable, providing clear insights into decision-
making. Furthermore, it guarantees a strong, monotonic improvement in prior
estimates with each new observation, leading to increasingly accurate sampling
and reinforcing both reliability and adaptability in dynamic settings. Through
comprehensive experiments and ablation studies across various domains, including
species distribution modeling and remote sensing, we demonstrate that our method
substantially outperforms baseline approaches.

1 Introduction

Active Target Discovery (ATD) is a fundamental problem in scientific and engineering domains where
data acquisition is expensive and environments are only partially observable. Beginning with an
unobservable task, the goal is to strategically and sequentially sample glimpses to infer and uncover
the underlying target, such as disease regions in medical imaging, pollution hotspots in environmental
monitoring, or objects of interest in satellite imagery—all while adhering to a strict sampling budget.
This task is critical in scenarios like detecting rare tumors in MRI scans, localizing contaminants
in remote areas, or identifying missing persons in search-and-rescue missions. In all these cases,
the cost of each observation is high, and acquiring feedback from the ground-truth reward function
often requires expert judgment, specialized equipment, and substantial time. Diffusion-guided Active
Target Discovery (DiffATD) [[1] has been recently proposed as a promising solution to the ATD task.
It operates by learning a strong prior over the search space using samples from the domain of interest.
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Figure 1: Interplay of Permanent and Transient Memory to Guide Active Target Discovery.

Speci cally, DIffATD [ 1] leverages a diffusion model trained on domain-speci ¢ samples to serve

as a strong prior, guiding its sampling strategy via learned diffusion dynamics conditioned on the
gathered observations to ef ciently uncover target regions within a constrained sampling budget. This
prior-driven approach allows it to balance exploration and exploitation in a principled way, often
outperforming baseline methods in well-studied domains. However, the effectiveness of DIffATD [
fundamentally hinges on the availability of representative prior samples from the target domain. In
many real-world scenarios—such as emerging diseases, rare environmental hazards, or underexplored
geographic regions—such samples are either unavailable or prohibitively dif cult to obtain. In these
cases, the strong prior assumption breaks down, and methods like Difffir{iggle to generalize,

limiting their applicability in precisely the settings where ef cient target discovery is most critical.

To confront the challenge of ATD without access to prior samples, we draw inspiration from Neuro-
science. The real world is inherently dynamic, continually presenting novel and unforeseen situations.
Yet, humans navigate such environments seamlessly by drawing on two complementary systems: a
long-term memory that encodes structured, generalizable knowledge, and a short-term memory that
rapidly adapts to immediate context. For instance, when driving in an unfamiliar city, we rely on our
understanding of traf ¢ rules (long-term knowledge) while dynamically responding to unexpected
road closures or detours (short-term adaptation). Kumatasupgests that this dual mechanism

is rooted in the neocortex and hippocampus, that is, the brain leverages a dual memory system
comprised opermanent memorymediated by the neocortex—which encodes structured knowledge
through slow learning and supports generalization,tesntsient memory-associated with the hip-
pocampus—which enables rapid acquisition of precise, task-speci c information. Inspired by this
cognitive mechanism, we argue that emulating such a dual memory structure in arti cial agents is
essential for solving new tasks in dynamic environments, where both stable generalization and fast
adaptability are crucial.

Inspired by this mechanism, we draw on Bayesian inference to tackle ATD in the absence of prior
domain data. At the heart of our approach lies an Expectation-Maximization-style algorithm that
guarantees monotonic improvement of the sampling prior—modeled as a diffusion process—as new
observations unfold across the environment. This evolving prior actively guides the sampling strategy
to maximize discovery under a strict budget. Our prior model architecture re ects mechanisms from
the brain's dual-memory system by pairing a powepdtrained diffusion models a long-term or
permanent memosgy-capturing rich, generalizable structure across domains—uwith a lightweight,
adaptive module based ddoob's h-transformthat serves agransient memoryenabling rapid
contextual adaptation from new observations. The lightweight Doob's h-transform module is updated
after every few observations, allowing it to swiftly adapt to the evolving dynamics of the current task.
This synergy enables our system to combine the power of global knowledge with the exibility of fast
local adaptation, allowing for ef cient, intelligent exploration in novel and data-scarce environments.
Crucially, the integration of a pretrained diffusion model with a lightweight network that implements
Doob's h-transformenables principled sampling from the posterior distribution conditioned on the
accumulated observations. This design ensures that each sampling decision is grounded in both
prior knowledge and task-speci ¢ context, lending theoretical rigor and practical effectiveness to
our architecture. Finally, our sampling strategy ranks unobserved points by balancing exploration
and exploitation scores, driven by an updated prior and an online-trained reward model that learns
the target's characteristics from gathered observations. As more observations are revealed, the prior
progressively improves, leading to more accurate rankings that fuel a highly informed active discovery



process, reinforced by theoretical guarantees and compelling empirical evidence. Figure 1 illustrates
the core motivation behind our approach. We summarize our contributions as follows:
s

» We introduce a novel and principled framework, Expectation Maximized Permanent Tempo-
rary Diffusion Memory (EM-PTDM), designed to uncover targets of interest within a strict
sampling budget in partially observable environments. Unlike prior methods, EM-PTDM
operates without relying on task-speci c prior domain data, signi cantly broadening |ts
applicability. Furthermore, it integrates a white-box, interpretable sampling policy grounded
in Bayesian experiment design, enabling transparent and strategically guided exploration.

« EM-PTDM framework is backed by rigorous empirical evidence and ensures a monotonic
re nement of the prior as new observations are gathered. This continual re nement directly
enhances the accuracy of the scoring mechanism used for sampling, resulting in more
precise and ef cient active target discovery over time.

» We demonstrate the signi cance of each component in our proposed EM-PTDM method
through extensive quantitative and qualitative ablation studies across a range of datasets,
including species distribution modeling and remote sensing.
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2 Problem Formulation

In this section, we present the details of our proposed Active Target Discovery (ATD) task setup.
ATD involves actively uncovering one or more targets within a search area, represented as an (initially
unobserved) regior divided intoN grid cells, such that = (x® ;x®@;::::x(N)), ATD operates
under a query budg®&, representing the maximum number of measurements allowed. Each grid cell
represents a sub-region and serves as a potential measurement location. A measurement df location
provides feedbagckevealing bothhe contenof a speci ¢ sub-regiox(?) for thei-th grid cell, as
well as yieldingan outcome/() 2 [0; 1], wherey() is the fraction of pixels in the grid ced(") that
belong to the target of interest. In each task con guration, the target's content is initially unknown
and is revealed incrementally through observations from measurements. The goal is to identify as
many grid cells belonging to the target as possible by strategically exploring the grid within the given
budgetB. Denoting a query performed in ste%%q[, the overall task optimization objective is:

U(xM(@)9: fq0) max y(®) subjecttot B (1)
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With objective 1 in focus, we aim to develop a search policy that ef ciently explores the search area
(Xtest Xtes) to identify as many target regions as possible within a measurement [Ridgatl
without requiring access to any prior samples from the domain of interest.

3 Methodology

A central challenge in ATD under an initially uninformative prior lies in achieving three distinct
goals: (1) progressively improving the prior as sequential observations accumulate—since the prior
fundamentally shapes the ATD process; (2) designing the prior to be swiftly adaptable, capable
of rapidly incorporating knowledge from limited observations, as demanded by the task's high
data-ef ciency requirements, and (3) utilizing the sequentially improved prior model to strategically
sample unobserved regions to maximize target discovery within limited sampling budget.

Progressively Improving the Prior model We begin by addressing the crucial challenge of
enabling the prior to evolve progressively—ensuring that each newly acquired observation from the
search space contributes meaningfully to re ning the model's understanding and guiding sampling
more effectively. To this end, we formulate our approach within the principled structure of the
Expectation-Maximization (EM) framework, utilizing its iterative inference and optimization steps
to systematically re ne the prior with each new observation. Speci cally, our goal is to learn
the parameters of a prior model (e.g., a DDPM), denoted és,y), by maximizing the log-
evidencdogq (y) for a given observatiog. Considering a distribution over observatig{y), this
corresponds to maximizing the expected log-evidence, which is equivalent to minimizing the KL
divergence between the true distributiafy) andq (y):

= argmax Ey(y)[logq (y)] = argmin KL(p(y)kq (y)): )

Next, we derive an iterative optimization procedure fahat ensures monotonic improvement of
expected log-evidendg,y)[logq (y)]. We present the result in the following Proposition.



Proposition 1. Let y denote the parameters of the current prior model, then improving
this prior by maximizing the expected log-evideggg))[logq , (y)] with respect to i is
equivalent to maximizing the following surrogate maximization:

k+1 =argmax Epy) E a [logqg (x)] 3

k (Xiy)

such thatEpy[logq ., (V)]  Epylloga , (y)]l. Whereq , (xjy) represents the approxi-
mate posterior under the current priok . Thus, this update ensures a strict improvement i
the expected log-evidence. We present detailed proof in the Appendix.

>

As established in 1, optimizing the prior using the objective in Eqn. 3 ensures that each update
step systematically re nes the prior toward a more faithful approximation of the underlying data
distribution. Speci cally,q ,,, (x) is more consistent with the distribution of observatiqg)

thang , (x). The update of the prior parameters.; follows a two-stage procedure: rst, samples
are drawn from the posterior distributian, (xjy); next, the prior modef| ., (x) is trained to
approximate this posterior by tting to the generated samples. A central challenge in this framework
is the accurate sampling from the posterior distribution(xjy), particularly during the early stages

of active discovery when observations are inherently sparse. This data scarcity signi cantly limits the
ef cacy of traditional data-driven optimization approaches. Moreover, the challenge is intensi ed by
the fact that repeated updaté&sX 1) are both computationally and time-demanding. Consequently,
it is imperative to design a prior model that is both swiftly adaptable to limited observation and
lightweight in complexity. Large-scale diffusion models, while powerful, are typically data-intensive
and ill-suited for such low-resource settings. Our objective idevelop a model that can ef ciently
adapt under constrained data regimes without compromising the quality of posterior approximation.

Swiftly Adaptable Prior model with Limited Observation  To address this challenge, we draw
inspiration from Doob'sh-transform, which enables sampling conditioned on the observations
gathered. This perspective offers a powerful lens through which we construct an adaptive mechanism
capable of ef ciently guiding the prior with minimal data. Speci cally, conditional sampling from

the posterior distribution , (xjy) requires access to the posterior scorelogpi(X j Y = y),
conditioned on a given observatignSince diffusion models are trained to approximate the score
function of the marginal data distribution, i.s,, r xlogp:(X), a pre-trained diffusion model can

be adapted for conditional inference by applying Bayes' theorem:

rxlogpe(xjY =y) s +rxlogp(Y =yjx): 4)

The termr , logp:(Y = y j X) is commonly referred to as thguidanceterm, as it effectively
steers the reverse diffusion process toward samples consistent with the observatiowever,
computing this guidance term is generally analytically intractable, which poses a signi cant challenge
in performing conditional generation. Before delving into how Dodbisansform can be harnessed

to ef ciently approximate the conditional guidance term, especially in data-scarce regimes, we rst
introduce the formal de nition of Doob'd-transform. This foundational understanding will later
enable us to leverage its powerful structure for ef cient and adaptive conditional sampling.

De nition 1 (Doob'sh-transform) [3, 4] Consider the following unconditional reverse-time
SDE withf; as the drift and ; as the diffusion coef cient.

dXi = fu(Xe)  frx, Inp(Xe) dt+ (dWi; Xt Pr N (0;1)

The corresponding conditional proces; j Xo 2 B) evolves according to the SDE:
h i
dHt: h(Ht) t2 r Htlnpojt(XOZ B]Ht) dt + tdW[; Hr P+ N (O,l) (5)

where the backward drift (H;) is de neq as:b(H¢) = fi(Hy) 2r y, Inp(Hy), and the
conditional law satis ed.aw(Hs j Ht) =" psji;o(Xs j Xt; X0 2 B) withP(Xo 2 B) = 1.

We denote the conditional processhs and the corresponding unconditional process as
Xt. Doob's h-transform illustrates that conditioning a diffusion process to reach a target set
Xo 2 B at terminal timeT yields a new diffusion process governed by an adjusted drift term
(as shown ir blue). This conditional process is guaranteed to reach the desired event within

a nite time T. The functiorn(t;H¢) , pojt(Xo 2 B j Hy) is known as the h-transform.




De nition 1 highlights a key insight: conditional sampling, informed by the observations collected up

to the current step, hinges on the interplay between the unconditional score and a conditional score
term, which is solely characterized by Doob's h-transform. Consequently, comparing Equation 4
and 5, the posterior score can be formulated as:

rxlogpe(xjY =y) ft_éﬁ + [xlogpt@(:ijg : (6)

PermanentMemory  p (x;y): Transient Memory

As shown in Equation 6, the posterior score naturally decomposes into two complementary com-
ponents. The rstterm, derived from a pretrained diffusion model, serves as a fquerroinent
memory—encapsulating broad, generalizable patterns acquired from large-scale training data. While
this offers a strong prior, it alone is insuf cient in our setting, where no access to domain-speci c
prior samples is available. To address this limitation, we introduce the second tenmaasiant
memorythat modulates the pretrained dynamics in response to the limited observations collected
during the active discovery process. This adaptive correction is governed by Dethissform,
parameterized by, allowing the model to align with newly encountered observations in the data. In
the Appendix, we provide an interpretation that framedttieansform as a correction mechanism for

the unconditional score, offering insights into how it adapts the pretrained dynamics to the conditional
setting. Next, we detail how can be ef ciently learned to enable rapid adaptation in data-scarce
scenarios. Interestingly, the parameteran be optimized using an approach analogous to denoising
score matching, as formalized in the following Lemma.

Lemma 1. Consider the following stochastic differential equation for the conditional process:
dHt: ft(Ht) tz(r Hy Inpt(Ht)+ ht(Ht)) dt + tth;

R
whereHt Q fT‘ [P(Xo j Y)I = Prjo(X j Xo0) p(Xo j ¥) dXo. Theh-transform functiorh,
admits a denoising score-matching representatign= arg min n, 21 Lpsm (ht), where
h

. 2
Lpsw (hy) == E Xo p(xoiy) (he(H) + 1y, Inpe(Hy)) r |, Inpyo(He j Xo) 7
tU (0;T)Ht prjo(xtjxo)

The proof is in the Appendix. Based on this Lemma, we optimias follows:

2
min Eqx v )t hy (He; Y)+ s (Hy) "o ©)

LetH; = pﬁxo + P 1 ", where(Xo;Y) g (Xo;¥)and” N (0O;1). The functionh,
denotes a neural network designed to approximaté-nansform. Crucially, the loss function in
Equation 7 operates exclusively through forward evaluations of the pre-trained model and does not
necessitate backpropagation through the xed parameterSonsequently, thk-transform is tasked

solely with learning the residual noise component, effectively serving as a corrective mechanism.
This design choice permits titemodel to remain lightweight and shallow, thereby enabling rapid
adaptation even in regimes with extremely limited observations. Following each observation, we draw
posterior sampleXo q (Xo j Y) using the posterior score composed of the frozen primary memory

s; (X) and the transient memoty (x;y). These samples are then used to update the transient
memory parametersvia the objective in 7, thereby ensuring that the resulting prierconsisting of

both and the updated—yields a strict improvement in the expected log-evidence, as formalized
in 3. Formally, the following theorem establishes that updating the transient memory parameter
according to 7 leads to a monotonic improvement of the composite prof ; ).

Theorem 1. Let = ( ; ) denote the parameters of the prior, whereorresponds to a

xed pre-trained model and parameterizes the learnablketransform module. Supposds

updated according to Equation 7, yielding an updated parametgrand an updated prior
new=( ; ". Then, the marginal expected log-evidence satis es the following:

Epyy 1099 ..(V)]  Epylloga (y)I:
We present detailed proof in the Appendix. Next, we present our methodology for updating the
h-model, designed to enable a seamless adaptation of the reverse diffusion dynamics.
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Learning Dynamics of h-model A natural strategy is to iteratively update the h-model after each
new observation, thereby re ning the prior and leveraging this improved prior to guide subsequent
rounds of ATD more effectively. However, in the early stages of the discovery process, the available
observations are often too sparse to capture the structure of the underlying search space. Updating
the h-model solely based on such limited data can lead to premature convergence to suboptimal
regions in the parameter space, from which recovery becomes increasingly dif cult—even as more
data becomes available gradually as search progresses. This challenge is further intensi ed by
theh-model's intended adaptability, as rapid updates may

amplify the risk of over tting to early, uninformative sig-

nals. To validate this hypothesis, we conducted a toy

experiment (illustrated in Fig. 2), comparing two strate-

gies for updating the h-model. In the rst, the h-model

is updated after every observation; in the second, updates

occur only after accumulating several observations. We
visualize the resultir]g posterior samples a_tdiffgrent staqgs.ure 2 h-model adaptability dvnamics
Wh_en the h—modgl is updated after each |nd_|V|duaI_ob?)('aguse a Diffusion modeﬁ’ traine):j 0);] MNIST

vation, the posterior becom_es nonceably_nqlsy during t € permanent memory (16 samples per Fig).

early phase of discovery, likely due to limited data. In

contrast, postponing the updates results in more stable and

coherent posterior samples that better re ect the gathered observations, enabling the diffusion process
to incorporate new information more effectively at each stage. Motivated by this observation, we
introduce a simple yet effective scheduling strategy for updating the h-model. The proposed scheduler
(detailed in Appendix) adapts dynamically with the query budget—starting with infrequent updates
and increasing in frequency as the search progresses. This design leverages the fact that updates
become more reliable over time due to the increasing accumulation of informative observations.

Theorem 2. Let = ( ; ) be the prior parameters at observation stefSuppose; is
updated following Equation 7, yielding.x = ( ; t+«) afterk additional observations.
Then the expected log-evidence improves monotonically:

Ep(Yt+ k) [Iog q t+ k (y)] ED(Y1+ k) [log q t (y)]
wherey;. ¢ represents the set of observations gathered uptill irnek, andk 1.

We present detailed proof in the Appendix. Next, we introduce a sampling strategy that capitalizes on
the updated prior developed thus far, guiding effective and budget-conscious ATD.

Sampling Strategy for ATD Utilizing the Updated Prior  An effective sampling strategy that
strikes the right balance between exploration and exploitation is crucial for solving ATD. We rst
describe how we approach the exploration using the observations collected thus far. To achieve this,

we adopt a maximum-entropy strategy, selecting the measureffiat thet-th query step as
€]

o= argmax [H(&jQuiye 1)]=argmax  Ex [log p(RijQuiy: 1)) ®

Here,H represents entropg; denotes samples from the approximate posteyior, (X j y: 1). Note

that we utilize the nal updated prior; 1 =( ; 1) to sample from the posterio; represents

the set of locations queried up to timeandy; ; represents the set of observations up to timel.

As de ned in Equation 8, we select the query location that corresponds to the maximum entropy.
To computdogp(%:jQ:; Yt 1), we begin by drawing P samples from the postegior, (X j y: 1),

denoting the-th sEmpIe agl. We then approximateg p(%:jQ:;y: 1) using a mixture of Gaussians:

P(RtjQt; vt 1) = iP:O iN (&}; 21). In the following Theorem, we derive a result that allows us

to computegs”™® utilizing the expression g(&¢jQ¢;y: 1)-
Theorem 3. Assumingk represents the set of possible measurement locations at, stad
that all samples from the posterigr, , (X j y: 1) have equal weights { = ;; 8i;j ), then,
2 13
Y » k(l) k(l ) 2
lep = arg max 4 |og exp G2k ([ t Z]Qtz [ t ]Qt ) 5,
* 20 =0 x

where[:], selects element ¢f indexed byg . Detailed proof is in the Appendix.




The implication is that the optimal next observation locatiqii™ lies in the region of the search

space where the predicted semantiktg)][ show the highest disagreement among ptbsterior
samplegi 2 0;:::;P). This disagreement is quanti ed by a metric, denoteexgs**°" (¢ ), which
enables us to rank candidate observation locations and thereby guide exploration more effectively.

In scenarios where the observation space is composed of p|xelsaﬁé>ant=presents a full image
conditioned on the observed pixgis ;. " _ , #
soe oy XK (& 18 1a)?
expl™ () = 52 ©)
i=0 j=0 x
We now describe how the collected observations are used to guide effective exploitation. Speci cally,
we: (i) employ areward modelr ), parameterized by and incrementally trained on supervised
data gathered from observations, to predict whether an observed location corresponds to the target of
interest; and(ii ) estimate thexpected log-likelihood scoe a locatiory, denoted afikeli >*°®(q;),
de ned asEyg, [logp(&: j Qt; Yt 1)lq - This score is key to pr|or|t|2|ng locations during exploitation.
The following proposition provides a closed-form expression for compllitieti >*°" ().

Proposition 2. The expected log-likelihood scoregtcan be expressed as follows:

( . : )
. x X (2" 812
likeli *°°" () = exp L 72 L o

i=0 j=0

L J

The derivation of Proposition 2 is provided in Appendix. The téikali *°°®(q;) plays a central role
in computing the exploitation score at measurement locatio8peci cally, the exploitation score,

exploit“°§(q), is de ned as theeward-weighted expected log-likelihgaas shown below:
exploit %S (q) = ||||<e|| S{°;'e (% ; r (&) (10)
Expected log-likelihood l: {Z }
reward

As per Egn. 10, a measurement locatpris favored for exploitation if it meets two criteria: (1)
the predicted content gt is highly likely to correspond to the target of interest, as indicated by the

reward modelr( ); and (2) the estimated contentgat denoted a{ﬁg')]q, , exhibit strong agreement
across theosterior samplessuggesting high predictability about the content at that location. Note
that the reward model parameter$ &re randomly initialized and progressively updated usimgry
cross-entropy losas new supervised data becomes available after each observation. While the reward
model is initially unre ned—resulting in less reliable exploitation scores—this is not a limitation, as
our sampling strategy is designed to emphasize exploration during the early stages of the discovery
process. We now bring together the core components to formulate the proposed sampling strategy for
ef cient active target discovery. At each time stepotential measurement locatiorgg)(are ranked
by jointly considering both exploration and exploitation scores, as below:
Scorg; ((a)= (B) expP(q)+(1  (B)) exploit{®§(q) (11)

Here, (B) is a budget-dependent function that enables a dynamic and adaptive balance between
exploration and exploitation. After computing the combined score for each candidate lagation
(as de ned in Eqn. 11), the location with the highest score is selected for sampling. The choice of

(B) is problem-speci ¢ and can be tailored accordingly. A straightforward and effective option is to
de ne it as a linear function of the remaining budget, such é8) = BH We empirically show that
this simple formulation performs well across diverse application domains. The complete training and
sampling algorithm is detailed in the Appendix, with a visual overview provided in the Appendix.
Finally, we demonstrate that the improvement of the priar turn leads to increasingly accurate
estimates of the score de ned in Equation 11 as formally stated in Theorem 4.

Theorem 4. Let and eydenote the prior parameters before and after updating the h-model
using the objective in Equation (7). Then the following relation holds,

jiScorg . y(a) Scorg; )(a)jj ji Scorg . ,(a) Scorg .- (@)

Here,Scorg . ,(q) represents the true score estimate computed using the optimal prior
and optimal reward model , and ~denotes the updated reward model parameter.




We present the proof in the Appendix. When tackling consecutive tasks from the same domain, we
update the long-term memory using posterior samples gathered at the end of each discovery process,
promoting faster and more ef cient adaptation to subsequent tasks. We present a pictorial illustration
of our proposed EM-PTDM approach in Figure 3. Next, we present our detailed experimental results

Figure 3: An Overview of EM-PTDM Framework.
to validate the ef cacy of our proposed method.

4 Empirical Analysis

Evaluation metrics. Since ATD seeks to maximize the identi cation of measurement locations
containing the target of interest, we assess performance usilsgcthess rate (SR) of selecting mea-
surement locations that belong to thelgarge‘rlng exploiganon in partially observable environments.

Therefore, SR is de ned asSR = ic1 m =1 yfq‘) where L = number of tasks.

Here, U; denotes the maximum number of measurement locations containing the target in the
i-th search task. We evaluate EM-PTDM and the baselines across different measurement budgets
B 2 f 150 200G, 250, 300, 350g for various target categories and application domains.

Baselines.We compare our proposed EM-PTDM policy to the following baselines:

» Random SearcfRS), in which unexplored measurement locations are selected uniformly at random.

« DIffATD [ 1] leverages a pre-trained diffusion model to guide sampling based on partially observed
data, ef ciently discovering target regions within a xed budget.

« Greedy-Adaptiv¢GA) selectsy with the highesexploit“°"§(q) among unexplored locations and
updates reward model via binary cross-entropy after each observation.

Active Discovery of Unknown Species from Known Species Distribution We begin our evalua-

tion of EM-PTDM in a setting where the permanent memory is trained to approximate the distribution
of species from iNaturalisg]. The distribution is formed by dividing a large geospatial region into
equal-sized grids and counting target species occurrences on each grid, as detailed in Appendix. The
goal is to actively discover Coccinella Septempunctata (CS) under a strict sampling budget using a
prior trained on the distribution of Gladicosa and Gonioctena (GG). The results presented in Table 1,
suggest that EM-PTDM signi cantly outperforms the baseline in terms of SR, highlighting the capa-
bility of the proposed framework in ATD under an uninformative prior. We further visualize (in 4)
how EM-PTDM, starting from an uninformative prior, rapidly approximates the true distribution with
only a few observations, demonstrating its swift adaptability and ef ciency in data-scarce scenarios.
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Table 1:SRComparison with Baselines.

Active Discovery of CS Species with Species GG as Prior.

Method B =150 B =200 B =250
RS 0.1624 0.2327 0.2775
DiffATD 0.3420 0.4365 0.4808
GA 0.4061 0.5067 0.5567
EM-PTDM 0.4983 0.6495 0.6989

Figure 4:Active Discovery of CS species.

Active Discovery of Unknown Overhead Objects from Ground-view Prior We further assess
EM-PTDM in a challenging cross-view setting, where the task is to actively discover novel objects
from DOTA overhead imageng], leveraging an uninformative prior learned solely from ground-level
images of semantically disjoint classes from ImageiietThe results are presented in Table 2. We
observe that EM-PTDM consistently outperforms the baseline, with the performance gap widening
as the search budget increases, highlighting the strength of its cumulatively re ned prior in driving
ef cient exploration and informed target discovery. Additionally, we compare the exploration
dynamics of EM-PTDM and DiffATD at two stages of the active discovery process. As shown
in Figure 5, while both models initially struggle due to uninformative prigfg-PTDM rapidly

adapts through Doob's h-transform, enabling more ef cient target discovery as observations
accumulate.

Table 2: SRComparison with Baselines.

Active Discovery of Overhead Objects with ImageNet as Prior.

Method B =250 B =300 B =350
RS 0.2325 0.2852 0.3207
DiffATD 0.5143 0.6391 0.7348
GA 0.4784 0.5659 0.6562
EM-PTDM 0.5620 0.7013 0.8256

Figure 5:Active Discovery of Overhead objects.

Enhancing Permanent Memory with Domain Cues for Improved In-Domain Target Discovery

In real-world settings, it's common to encounter scenarios where ATD tasks must be addressed
consecutively within similar domains, requiring models that can retain and transfer knowledge
effectively. To support ef cient adaptation in sequential ATD tasks within the same domain, we
update the permanent memory—speci cally, the pretrained diffusion medéH-using posterior
samples generated at the nal step of the previous task, conditioned on all collected observations.
This gpdate_allows the permanent memory to Qa“‘rable 3: Effect of Permanent Memory
domain-speci ¢ structural knowledge, thereby reducing

the divergence between prior and posterior distributions Atp of Overhead Objects with ImageNet as Prior.

in subsequent tasks. As a result, the learning taskof
doob'sh-model becomes easier as the correction needed
for rapid adaptation diminishes, enabling the model t&:°. 0%020  Oroes 0820

explore and discover new targets more effectively with

fewer observations. We assess the impact of updating permanent memory after each task by compar-
ing it against a static-memory baseline. For this comparison, we consider the task of ATD of overhead
objects with ImageNet as the prior. As reported in 3, the results reveal a marked improvement in the
SR when updates are applied, underscoring the valae@fmulating domain-speci ¢ knowledge

in permanent memory to accelerate adaptation and enhance target discovery in related tasks.

The Role of Transient Memory in Rapid Adaptation to Novel ATD Tasks To assess the impact of
transient memory, we compare posterior estimates generated with and without the proposed transient
memory mechanism, starting from an uninformative prior. As illustrated in Fig. 7, incorporating
transient memory via the h-model enables rapid adaptation from sparse early observations, resulting
in posterior estimates that closely approximate the ground truth and facilitate more ef cient target
discovery. In contrast, the baseline, which relies solely on permanent memory, yields an incorrect
posterior, resulting in limited exploration capability in early stages, underscoring the critical role of
theh-model in accelerating effective exploration. We quantitatively assess the rolelofittoelel by
measuring- 2 distance-based semantic dissimilarity between the posterior and ground-truth targets.
Results ( 6) show thahcorporating the h-model signi cantly accelerates convergence to the

true posterior, as dissimilarity drops much faster compared to using the permanent memory alone,
demonstrating thla-model's effectiveness in rapidly correcting the prior with minimal observations.

update B =250 B =300 B =350
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