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Appendix: Active Target Discovery under Uninformative Prior: The Power of
Permanent and Transient Memory

A Proof of Proposition 1

Proof.
0* = arg max Epy) [log go(y)] (12)

= argmin KL (p(y) [/ 90 (y)) 13)

The core principle of the EM algorithm is that, for any two parameter sets 6, and 6;, the following
identity holds:

log 46, (y) — log 46, ('ra y) 96, (m ‘ y) (14)
a0, (y) a0, (2,y)  qo,(z | y)
_ 0. (2,)
— By 108 22 4 KL o ) an, o 1) 15)
> Ky, (21y) log qo, (z,y) — log gp, (z,y)] (16)

This inequality remains valid when taking the expectation over p(y). Consequently, starting from an
initial parameter setting 6y, the EM update rule can be expressed as:

Opr1 = argmax Epy) By, (a1y) [log go(2,y) —1og g0, (2, )] {17
= argmax By By, (afy) [l0g g (7, )] (18)

In the empirical Bayes setting, the forward model p(y | ) is known and only the parameters of the
prior gp(x) should be optimized. In this case, Eq.[I§]becomes:

Op1 = argmax By Eg, (ay) [log go(z) +log ply | 2)] (19)
0141 = arg max Ep)Eqgp, (2ly) [log go(2)] (20)
O

B Proof of Lemma 1
Proof. We can express the conditional score as follows:

Veilupi(a [9) = [ Vo Fgoler | 20) Folan | a1,3)dao @
The minimizer is obtained by exploiting the property that the conditional expectation yields the

optimal solution under the mean squared error criterion:

E [VHt In pyo(Hy | Xo) — Vi, Inp(Hy) | Y =y, H; = x] (22)

B (@, y) = ( / (Vo Inpro(a | 20) — Vi In pe(e)] pope(o | He = 2,Y = 1) dxo) 23)

= /Vz Inpyo( | zo) poje(wo | Hy = 2,Y = y) dzo — Vi Inps() (24)
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=V.lnp(z | y) — Vi Inp(x) (25)

=V.,Inp(y | x) (26)
O
C Proof of Theorem 1
Proof.
arg max Epy) [log g (y)] (27)

Utilizing the result of Theorem 1, we can express the above expression as follows:
"V = arg m(zz}x Ep(y) ]E%(ﬂfly) [log q¢(x)] (28)

Maximizing the above objective involves computing V, log ¢4(x). Following the approach in
denoising score matching, the above optimization can be equivalently reformulated as:

i 2

¢V = m(in E(xo,v),e,t (hf(mt,Y) s (xt)) a SH @)
Let 7, = /Gy Xo + /T — Gy e, where Xo ~ qs(70 | 1),Y ~ yand e ~ N'(0,I). Also, "V =
(0*,<new)_

Thus, optimizing the objective in Equation[29] is equivalent to one step of EM. Hence, guarantees the
improvement of expected log-evidence. As a result, we can write:

Ep () [108 g (¥)] = Epyy [108 g4 (1)]-

D Proof of Theorem 2

Proof.
Ep(ysn) 108 4o, 1 (9)] (30)

Assuming the observations collected during the active discovery process are independent, we can
decompose the above expression into two parts as follows:

= Ep(yt) UOg q¢t+k (y)] X Ep(yt+k:(t+1)) [log q¢t+k (y)} (31)

partl part2

The set of observations gathered from time step ¢ + 1 to ¢ + k is denoted as ;4 j.(s41)-
For Partl, we can write,
Ep(ynllog ge,  (¥)] = Ep(y,)llog gs, (y)]  (Following Theorem 2) (32)

For Part2, we can write,

Ep(yesrcis 108 46,40 ()] = Epy, 40410108 45, (y)] - (By Definition) (33)

The above relation holds because, unlike ¢y, the model ¢, , is trained on posterior samples explicitly
conditioned on the observations y; , j.(;+1)- As a result, when ¢, is optimally trained, the left-hand
side of Equation reaches its optimal value. In contrast, since ¢y, is never exposed t0 Y| x:(t+1)
during training, it cannot attain the optimal value of the left-hand side in Equation[33]

Finally, combining the results of Equation[32)and [33] we can write:
Epye0) [log iy (y)] > Epyerr) [log g, (y)]

13



#s5 E  Proof of Theorem 3

a6 Proof. We start with the definition of ¢;"" as follows:
P
gr " = argmax —E; [log p(@:|Qs, yo—1)] where p(2:]Qr,yi—1) = > aiN (i}, 000)
‘ i=0

447 According to [18]],
_ ~@)2
expmzalogz%em{nxt call }

448 We can write,

- - 25" — 2|13
q —argmaxZazlogZajexp tT;z

=0 7=0

;" — 212 :
q;? = arg maXZlog exp | (By assuming, ov; = «;, Vi, 5)

4,

. Yace. (8] — [#)a)?
¢ = arg n};}x;log (exp < 202

449 We decompose it into two parts: one representing the set of potential measurement locations at the
450 query step ¢, and the other corresponding to the set of locations already selected in Q);_;. Hence, we
451 can express it as follows:

a8 = 1871002 + en,, (3] — 7))
202

exp

q; = = arg maxz log | exp
i,

O 0], )2 RONEEENO e
exp = arg maleog H exp ( t20_£xt ]Qt) ) H exp (([xt }TQO—E]% ]7) >
* rE€Qt—1 &

qt€k

() jgj)qt2 #97, — 12} )2
7 compue " | 3 e 0" > (- )

,J | @€k r€Qt—1

We can ignore as it doesn’t depend on the choice of measurement location at time t.

(J)

q;" argmaxz Z 202 ad ]q")2.

1,J qi€k

- (4) (37 2
_ qfek([xt ]Qt [wt ]Qt)
Qt * — arg max E log E exp ( 207

452 O
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F Proof of Theorem 4

Proof. Using Equation 12, we can decompose the score as follows:

||Sc0rez¢*,n*)(qt) — Score(g,n)(q:)]| = a(B) (explscore(qt) — expljfore(qt))

A
+ (1 — a(B)) (exploit{gs- (¢:) — exploit{g s (¢r)) (34)

B

By following a similar decomposition, we can write,

score

|Scorefye ) (ar) — Score(g,,.i) (@)|] = a(B) (expli®™®(gr) — exply®(qr))
c
+ (1 —«a(B)) (explmt(gﬁf] y(ae) — exploiti‘;:::ﬁ)(qt)) (35)

>l

‘We can write,
(exPE™ (gr) — explE™ (a1)) = (expl™ (ar) — explis™ (1))

A c
(Follows from Proposition 1 and Theorem 1) (36)

The above relation holds as ¢,y is obtained by applying one iteration of EM, thus guaranteeing
improvement from the previous iteration prior (¢). Hence, ensure a more accurate exploration score
estimation compared to the prior of previous iteration.

Next, we will compare the terms B and D and show that

(exploit{g2" - () — exploit{g’5(q:)) > (exploit{gs - (qr) — explmt?corem(qt))

B D

Utilizing the expression in 11, we compare the exploit scores computed via different parameterizations
of the prior as follows:

exploitfs™ (q) = likeliS*"(¢;) xzrn([@g”]qt)

Expected log-likelihood

reward

‘We can rewrite the above expression as follows:

exploit{gyys (g:) = likeliF ™ (q0) + Epyo o [rgl[1”]g,)

Following exactly similar steps, we can also write

CxPIOIEE™ 5 (ar) = Kl (60) + Bypoy [y

Following the same reasoning as in 37, we can write
(likeli>® (q;) — likelig®™(qr)) > (likeliz"™®(g;) — likelif ™™ (qy))
(Follows from Proposition 1 and Theorem 1) 37

Now, note that at the beginning of the active target discovery process, r;,([i",gl)]qo) =7 [:@E”]qo ).

AS ¢pew 18 a improved parameterization of the previous iteration prior ¢, thus posterior samples from
Qne (T | y) are more reliable and accurate compared to the posterior samples from g4 (x | y) and
thus reward evaluated on the posterior samples from ¢4 . (« | y) are more reliable. Furthermore,
the reward model r;; benefits from training on more diverse samples, as entropy computed using the
updated prior ¢,y is more accurate than that from ¢. This leads to improved data diversity during
collection, enabling 75 to converge faster than r,,. The following lemma supports this hypothesis:

15
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Lemma 2 (Diverse Data Improves Convergence). [[I9 20] Let 0, be the parameters of a neural
network trained using SGD with batch size 1 and learning rate 1 on dataset S. Let Lg(0) be the
empirical loss. Assume the loss is L-smooth and gradients are bounded by G. Let S1 and S5 be two
datasets of size n, with D(S1) > D(Sz2). Then, for the same number of iterations T, the expected
generalization gap

E[L(0%)) — L(6F)] <0 where, D(S) = Qanﬁan for (s, 1), (25,y;) € S

where 9(T1 ) and 9;2 ) are trained on S1 and Ss respectively, assuming the data distribution D has high
support over X.

Hence, 9;1 ) is closer to optimal solution of £(#) than 9;2 ) in fewer steps, assuming same training
budget.

Thus, utilizing the result of the lemma[2] we can write:
o ([217))] ~ E
rye (12)] -

[ ([275)]) >
r7([247]4.)]) (38)

E ~ (7 ~(7
( [ 1~ag+ (2 ly) (81~ (o4
(E

[ )~ag= (aly) (891~ Qe ()

Now, combining the results of (38) and (39), we can write

score

(exploit(¢*7n*)(qt) — exploit?é‘?fﬁ(qt)) > (exploit?‘(;(ir;*)(qt) - exploit?;(::iﬁ)(qt)) 39)

B D

Finally, leveraging the results of (37) and (40), and utilizing the definition of (35), we can write

||Score’("¢*7n*)(qt) — Scoreg ) ()| = HSCOFQ@*JI*)(%) — Scoreg,...i) (@]

G Proof of Proposition 2

Proof. We start with the definition of entropy H:
Ez, [log p(2¢|Qt, ye—1)] = —H (24| Q. y—1)

Following the results of [18]], and by setting c;; = o; = 1, we obtain:

(J)
. z
Ez, [log p(2¢|Qt, ye—1) ZIOgZeXP{| : 202 |2}

1-( @) o — ig]) a 2
B, logp(d Qo -1~ Y log (exp (Zm([ ) — ) ))

2
202

Assuming k is the set of potential measurement locations at time step t, and QQ; = QQ+—1 U g4, where
q: € k.

Eg, [log p(2:]Qy, yi—1)] o< — exp

S log Y aern@0 = 1891002 + Sreo,, (@), — 3

.TAI(Z) _ j(J) 2 :%(z) _ j;(]) 2
Es, [log p(#:|Q¢, y¢—1)] oc—Zlog Hexp<([ i oo — 3¢ la.) ) H exp<([ ¢ Jr = [2¢]r) )
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i‘(l) _ JA;(J) 2 jj(z) . j(J) 2
Eit[logl)(fﬁﬂ@t,yt—ﬁ]d—z Z ([ o = 2" o) + Z (2] — [27)r)

202
] qt€k x r€EQt—1

We then compute the expected log-likelihood at a specified measurement location ¢;, discarding all
terms independent of ¢;. This key observation allows us to simplify the expression as follows:

(24 — [87]4)
x ; ( 202

Ez, [log p(2:|Q¢, ys—1)]

qt

The expected log-likelihood at a measurement location g

Equivalently, we can write the above expression as:

Ez, [logp(deh yt—l)]

e i'gi)qf*xt qf2
N ZZexp{([ ]’2@% 1,)}

qt i=0 j=0

likeli®eore (q,)

By definition, the left-hand side of the above expression corresponds to likeli*“**®(g; ). O

H Doob’s h-transform as the Correction Factor

We demonstrate that the h-transform serves as a correction term for Tweedie’s estimate. Specifically,
the conditional Tweedie estimate can be expressed as:

T o Al (hS (@ry) + 58" (@)
Elzo | ¢, y| = To(xt,y) = =
t t \/Et
:(.’L't _\/1—6[t80*)_ \/1—dt
NG N7 NG
Unconditional Tweedie estimate Correction Factor (i.e., h-transform)

In Equation (40), the first term represents the unconditional Tweedie estimate, illustrating that the
h-transform can be viewed as a correction to the unconditional denoised prediction.

hg(‘rtv y)

H.1 Details of h-model Update Scheduler

As highlighted in the main paper, the pessimistic updating of the h-model parameters plays a critical
role in stabilizing the prior model’s adaptability dynamics. While a straightforward heuristic might
suggest updating the h-model after a fixed number of observations, this approach only provides
marginal improvements. A more effective scheduling strategy requires fewer updates during the
early stages of discovery, allowing the model to gather ample data and avoid the risk of erroneous
updates when the observations are still sparse. However, as the discovery process progresses and the
model’s understanding of the search space strengthens, more frequent updates of the h-model become
essential. This shift enables more effective exploitation of the environment, as the model has already
gathered enough information, making the need for pessimistic updates unnecessary. Motivated by
this observation, we propose the following h-model update scheduler:

B i

At U (1 U+1

Here, B denotes the overall sampling budget, U is the total number of h-model updates throughout

the active discovery process, 7 indicates the current sampling step, -y governs the decay rate, and At;

defines the interval between two successive updates of the h-model parameters at the i-th sampling

step. Note that since v > 1, the update frequency of the h-model naturally accelerates with increasing
1, leading to more frequent updates during the later stages of the active discovery process.

) (40)
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57 1 Training and Inference Pseudocode

Algorithm 1 H-TRANSFORM FINE-TUNING (AT THE ¢-TH OBSERVATION STEP)

Require: Posterior Samples drawn from g4, , (2 | y¢—1)
Require: Noise schedule 8; = §(t), a; = a(t)
Require: Permanent Memory (i.e. Pre-Trained Noise predictor function) s¢ (z) with parameters 6.

Require: Current state of Transient Memory (i.e. h-transform) hf(az7 Zo,y) with parameters (.
1: repeat
22 mo~Py=4qg, (| yi1)
t ~ Uniform({1,...,T})
et ~ N(0,1) > Sample noise
Ty < \/67t:co —+ \/1 — Qi€
g« 87 () > Estimate noise with pretrained model
To 7%7\/\/1?%
Ee R (4, %0, 1) > Estimate correction via h-transform
9: Take gradient descent step w.r.t. ( on
10 VL(er, g +E¢) > L is defined in Equation|[7]
11: until convergence or maximum epochs reached
12: return Updated h—model Parameter (.

® X DINAE®

sis J Exploratory Nature of EM-PTDM

519 In active target discovery under an uninformative prior, exploration isn’t just helpful—it’s essential.
s20 Especially in the early stages, when the permanent memory offers little insight into the target domain
521 and the correction factor is large, the h-model must rapidly adapt. This demands smart, strategic
s22  exploration of the search space to collect informative observations, enabling the ~-model to efficiently
523 learn and calibrate the correction factor. To assess EM-PTDM’s exploratory behavior, we tackle active
524 target discovery of overhead objects using ground-level imagery as prior knowledge, evaluating across
525 a wide range of observation budgets—from very sparse (200) to less sparse (350)—and benchmark
s26  against baseline methods. We present the results in the following Table [4]

Table 4: Importance of Exploration
ATD of Overhead Objects with ImageNet as Prior.

Method B=200 B=250 B=300 B=350
DiffATD 0.3873 0.5143 0.6391 0.7348
GA 0.3479 0.4784 0.5659 0.6562

EM-PTDM 0.4127 0.5620 0.7013 0.8256

527 We observe that EM-PTDM’s performance improvement over baselines grows with the observation
526 budget. When the budget is low, the performance gap is narrow, reflecting limited opportunity for
529 exploration. As the budget increases, EM-PTDM leverages richer exploration to adapt its ~-model,
s30 leading to significantly more effective target discovery.

sst K Species Distribution Modelling as Active Target Discovery Problem

532 We constructed our species distribution experiment using observation data of the chosen species from
533 iNaturalist. Center points were randomly sampled within North America (latitude 25.6°N to 55.0°N,
s34 longitude 123.1°W to 75.0°W). Around each center, we defined a square region approximately 480
535 km x 480 km in size (roughly 5 degrees in both latitude and longitude). Each retained region was
s3s  discretized into a 64x64 grid, where the value of each cell represents the number of observed species.
537 To simulate the querying process, each 2x2 block of grid cells was treated as a query.
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Algorithm 2 EM-PTDM SAMPLING STRATEGY (AT THE ¢-TH OBSERVATION STEP)

Require: Current State of Transient Memory: Trained h-transform h (x, 1:0, y) with parameters (.
Require: Permanent Memory as Unconditionally trained noise predictor s¢ (z;)

Require: Noise schedule 8; = 8(t), & = a(t)

Require: Sampling schedule oy = o(t)

Require: Observation y, Posterior samples list ps = [], Success = R = 0.

I zp ~ Pr=N(0,1) > Sample a starting point
2: fori =Ptoldo
3: 2 =0
4: fortin (7,7 —1,...,1)do
5: éo « sV (x4) > Predict unconditional noise
A @ — V1 — auéy
6: Tp— ————F——
Vau
7: €c R (x4, &0, y) > Predict correction noise via h-transform
8: €< €9+ é¢ > Estimate posterior noise
9: if t > 1 then
10: Sample €; ~ Phoise
11: else
12: e+ 0
13: end if - R
— V1 —ayé .
14: Ti—1 ¢ /Og— 1( \/()Tt i )+ l—at_1—0t2€+0't€t
15: if t = 1 then
16: "fl = T¢—1-
17: end if
18: end for
19:  ps.append(2?)
20: end for

21: Utilize Posterior samples in ps to compute expl®*“°*°(¢;) and exploit®*°"°(q;) using Eqn. E]and
respectively for each ¢; € k.

22: Compute score(q;) using Eqn. 11| for each ¢; € k and sample a location ¢; with the highest
score.

23: B« B—1,{k} <« {k}\ &

24: Update: Q; < Qi—1Uqp, yr + yr—1 U [Cb‘]qt.

25: Update: Dy + Dy U {[7]4,, ¥\ %)}, R +=y(a)

26: Train r,, with updated D; and optimize n with Cross-Entropy loss.

27: return R

L Analyzing the Role of Permanent and Transient Memory for Enhancing
In-Domain Target Discovery

Since we’ve seen that inside the EM-PTDM framework, updating permanent memory with posteriors
from prior in-domain ATD tasks boosts performance, it raises a key question: do we still need the
h-model? To investigate, we turn to Diff ATD—a state-of-the-art baseline that uses only permanent
memory. To update the permanent memory of DiffATD, we apply the same continual memory
update strategy as in EM-PTDM, incorporating accumulated posteriors after each task, to see how far
performance can go without the A-model. For this comparison, we examine active target discovery of
overhead objects using ground-level ImageNet images as prior knowledge. While updating only the
permanent memory leads to improved discovery rates compared to DiffATD with fixed permanent
memory across different observation budgets, a clear and consistent performance gap remains when
compared to EM-PTDM, particularly when EM-PTDM updates its permanent memory after each
in-domain ATD task. These results, summarized in Table[5] highlight the added value of the h-model
in driving more effective exploration and adaptation irrespective of whether permanent memory is
being updated or not.
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Table 5: Importance of h-model with or without Permanent Memory (PM) Update
ATD of Overhead Objects with ImageNet as Prior.

Method B=250 B=300 B=350
DiffATD 0.5143 0.6391 0.7348
DiffATD w/ PM Update 0.5294 0.6623 0.7589
EM-PTDM 0.5620 0.7013 0.8256

EM-PTDM w/ PM Update 0.5859 0.7194 0.8461

M Efficacy of h-model in Estimating The Search Space with only Few
Observations

We analyze the adaptability of the h-model using quantitative visualizations in the context of an
active target discovery of overhead objects, where ground-level ImageNet images serve as the prior.
Specifically, we assess the h-model’s role by computing L2-based semantic similarity between
predicted and ground-truth targets (right [7b), and between predicted and ground-truth posteriors
(left[7a). As depicted in Figure[7] the inclusion of the h-model leads to significantly faster convergence
to the true posterior and the true targets, thus enabling more informed target discovery. The rapid
drop in dissimilarity compared to using permanent memory alone highlights the h-model’s ability to
quickly correct the prior with minimal observations.

@
2

£
5 80 —— DiffATD

Ed —— DIffATD
£ 701 EM-PTDM 40! - EM-PTDM
= 0] ~
© 60 <}

E50 . 30

S N &

5401 \\ 250!

5301 5

A2l S 210 S -

01 2345678 91011121314151617 01 234567 891011121314151617
H-model Update Step (every 20 measurement steps) H-model Update Step (every 20 measurement steps)

(a) L2 Distance between predicted and ground- (b) L2 Distance between predicted and ground-
truth posterior. truth targets.

Figure 7: Quantitative analysis of h-model’s adaptability in Active Target Discovery.

N An Important Observation: ATD is not just About Reconstruction

One might ask: if the primary goal is for the posterior samples to accurately reconstruct the search
space, isn’t that sufficient for efficient target discovery? Interestingly, in our setting, a precise
reconstruction of the entire search space is not strictly necessary, as long as the model effectively
identifies and reconstructs the target regions, efficient discovery can still be achieved. To validate
this hypothesis, we conduct an experiment and visualize the posterior at intermediate stages of
active target discovery. We compare posterior samples from EM-PTDM and DiffATD using a
representative task where EM-PTDM significantly outperforms DiffATD, allowing us to understand
how the posterior contributes to improved target discovery. We present the visualization in the
Figure[8] Our observations reveal that, while EM-PTDM’s posterior samples exhibit lower overall
reconstruction quality compared to those from DiffATD, they more effectively focus on target-rich
regions (For example, see the highlighted Red box in the Figure[§), leading to significantly improved
target discovery performance. This highlights a key insight: successful target discovery relies more
on accurately modeling the regions of interest than on reconstructing the entire search space.
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ATD is NOT just Reconstruction!!

DiffATD Posterior at Intermediate =~ EM-PTDM Posterior at Intermediate
Active Target Discovery Phase Active Target Discovery Phase

Ground Truth Posterior

Figure 8: ATD is about Discovering Targets, NOT just Reconstructing the Search Space.

O Effect of x(B)

We conduct experiments to assess the impact of x(8B) on EM-PTDM’s active discovery perfor-
mance. Specifically, we investigate how amplifying the exploration weight, by setting x(B) =

Table 6: Effect of «(B)
Performance across varying a with B = 250

Target Prior a=0.2 a=1.0 a=2>5.0
Balls MNIST 0.7416 0.7875 0.9272

max {0, k(- B)} with a > 1, and enhancing the exploitation weight by setting o < 1, influence
the overall effectiveness of the approach. We report results for o € {0.2,1,5} in two settings: using
overhead objects as targets with ground-level images as the prior (first row), and discovering target
balls using MNIST digit images as the prior (second row). The results are summarized in Table[§]
The best performance is achieved with a = 5, and the results suggest that higher values of « boosts
performance, reinforcing the fact that exploration is key to success in active target discovery under an
uninformative prior.

P EM-PTDM’s Capability of Discovering Isolated Targets within
Observation Budget

To evaluate EM-PTDM’s ability to uncover disjoint target regions within a limited sampling budget,
we design a series of controlled toy experiments. In each task, the goal is to discover a varying
number of balls—positioned differently and with different radii—using a diffusion model pretrained
on MNIST digits as the permanent memory. We systematically increase task difficulty by varying the
number of target balls from 5 to 10. Notably, tasks with more targets demand effective exploration of
the search space to successfully locate all disjoint regions within the budget constraints. We present
comparative visualizations of the exploration behavior of EM-PTDM and DiffATD with an active
discovery task involving uncovering 10 target balls with MNIST Images as the prior, shown in Fig.[T0]
As the number of disjoint targets increases, making the task more challenging and exploration-
intensive, EM-PTDM consistently succeeds in discovering most, if not all, targets within the given
budget. In contrast, the baseline (i.e., DiffATD) relying solely on permanent memory struggles as task
complexity rises, as seen in Plot [9] These visualizations clearly demonstrate EM-PTDM’s superior
exploration capabilities, which are crucial for efficient target discovery in settings with multiple
disjoint targets.
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Figure 9: Comparison of the Discovery Process: EM-PTDM vs. DiffATD. In this experiment, we
evaluate the active discovery of 10 target balls using a diffusion model trained on MNIST images as
the prior. As the search budget increases, EM-PTDM consistently uncovers more disjoint target balls,
thanks to its inherently exploratory behavior. In contrast, DiffATD struggles to discover as many
targets as it lacks the same efficiency as EM-PTDM in exploring the search space.

DiffATD EM-PTDM Target

Figure 10: Comparison between EM-PTDM and DiffATD’s Discovery. Green patches correspond
to successful target discovery, and Red Patches correspond to unsuccessful observations. In this
example, the task is to discover the balls with MNIST images as the prior. The exploratory behavior
of EM-PTDM, in contrast to DiffATD, is evident in the visualization.

Q Additional Results on Active Discovery of Unknown Species from Known
Species Distribution

In the main paper, we explored active discovery of Coccinella septempunctata (CS) using the known
species distribution of Gladicosa and Gonioctena (GG) as the prior. This section extends our analysis
to a different species from the iNaturalist dataset. Specifically, we evaluate EM-PTDM on a task that
involves discovering Species Cedar Waxwing from the known distribution of Species Black-capped
Chickadee. Figure[IT]compares the exploration behavior of EM-PTDM and DiffATD at various stages
of target discovery. As shown, EM-PTDM—starting from the same prior as DiffATD—progressively
and efficiently adapts the prior toward the true target distribution with only a few task-specific
observations. In contrast, DiffATD, which relies solely on static permanent memory, struggles to
approximate the ground-truth distribution within the given observation budget.

We further compare the performance of EM-PTDM against baseline methods using Success Rate (SR)
as the evaluation metric, with results summarized in Table|/| The task involves actively discovering
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Figure 11: Exploration Behavior of Different Approaches. We visualize the explored Regions at
Different Active Target Discovery Phases. We consider the task of Active Discovery of the species
Cedar Waxwing with a known distribution of the species Black-capped Chickadee. EM-PTDM
discovers most target regions (i.e., more accurately discovers the existence of the species Cedar
Waxwing).

Table 7: SR Comparison with Baselines.

Active Discovery of Cedar Waxwing Species with Species Black-capped Chickadee as Prior.

Method B =150 B =200 B =250
DiffATD 0.2319 0.3309 0.4453
GA 0.2232 0.3098 0.3116
EM-PTDM 0.3079 0.3854 0.6347

Species Cedar Waxwing from the known distribution of Species Black-capped Chickadee. Consistent
with other experimental settings, EM-PTDM significantly outperforms all baselines across varying
observation budgets. These results further highlight the effectiveness of EM-PTDM in tackling active
target discovery under an uninformative prior.

R Effect of 2,-model Update Scheduler

In this section, we evaluate the effectiveness of the h-model update scheduler by comparing two
variants of EM-PTDM: one using a uniform update schedule and the other employing the adaptive
scheduler defined in Equation #0} For the uniform scheduler, the h-model is updated at fixed
intervals—specifically, every 20 update steps. For the adaptive scheduler, we set v = 1, U = 30,
and an observation budget of B = {200, 250}. The comparative results under this configuration
are presented in Table [8] For this analysis, we consider active discovery of balls with a diffusion
model trained on MNIST data as the prior model. Our empirical results show that EM-PTDM with an
adaptive h-model update scheduler consistently outperforms its uniform counterpart across various
measurement budgets. This improvement can be attributed to fewer updates in the early stages,
allowing the model to collect more informative observations before updating and thus reducing the
risk of premature or noisy updates. As the discovery progresses and the model gains a stronger
understanding of the search space, the increased update frequency of h-model in later stages proves
beneficial for accelerating active target discovery.

Table 8: Effect of Adaptive h-model Update Scheduler.
Active Discovery of Balls with MNIST Digit Images as the Prior.

h-model update Schedule B =200 B = 250
Uniform 0.6856 0.7875
Adaptive 0.7364 0.8268
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S More Visualizations on Efficiency of 7-model’s Adaptability From Very
Sparse Observations

In this section, we provide additional visualizations of posterior samples generated by EM-PTDM
and DiffATD across different stages of active target discovery. As shown in Figures ([I2] T3] [T4),
EM-PTDM produces samples that are more semantically aligned with the ground-truth posterior
compared to Diff ATD. Notably, even with sparse observations, EM-PTDM effectively simulates the
search space, enabling more informed exploration and leading to improved target discovery under an
uninformative prior.

Only Permanent Memory Target
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Figure 12: h-model’s Adaptability From Very Sparse Observations. Posterior Samples at Different
Active Target Discovery Phases. Overhead Object Discovery (i.e., Car) with Ground Level images
from ImageNet as the Prior. Observation Budget of 300.
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Figure 13: h-model’s Adaptability From Very Sparse Observations. Posterior Samples at Different
Active Target Discovery Phases. Overhead Object Discovery (i.e., Truck) with Ground Level images
from ImageNet as the Prior. Observation Budget of 300.
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Figure 14: h-model’s Adaptability From Very Sparse Observations. Posterior Samples at Different
Active Target Discovery Phases. Uncovering Disjoint Balls with MNIST digit images as the Prior.

T More Visualizations of the Exploration Behavior of EM-PTDM at Different
Active Target Discovery Phases

In this section, we present additional exploration behavior of EM-PTDM at different active target
discovery phases. We also provide a similar exploration behavior of the baseline approaches,
including DifffATD and Greedy Adaptive, for the comparison. These visualizations are provided in

Figures [I5] [T6]

Step=1 Step =3 Step = 60 Step = 300 Target

DiffATD

EM-PTDM

Figure 15: Visualizing the regions explored by each method at various stages of the ATD process.
In these visualizations, patches corresponding to successful queries are unmasked, while those
resulting in unsuccessful queries are highlighted in Red. The task focuses on discovering overhead
objects (cars), using ground-level images from ImageNet as the prior. The results demonstrate that
EM-PTDM effectively identifies and explores most of the target regions containing cars.

These additional visualizations further reinforce the effectiveness of EM-PTDM in addressing active
target discovery under an uninformative prior.
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Figure 16: Visualizing the regions explored by each method at various stages of the ATD process.
In these visualizations, patches corresponding to successful queries are unmasked, while those
resulting in unsuccessful queries are highlighted in Red. The task focuses on discovering overhead
objects (trucks), using ground-level images from ImageNet as the prior. The results demonstrate that
EM-PTDM effectively identifies and explores most of the target regions containing trucks.
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Figure 17: Visualizing the regions explored by each method at various stages of the ATD process. In
these visualizations, patches corresponding to successful queries are Green, while those resulting in
unsuccessful queries are highlighted in Red. The task focuses on uncovering Disjoint Balls from
MNIST digit images as the Prior. EM-PTDM discovers most target regions (i.e., Disjoint Balls).

U Active Target Discovery of Balls Using MNIST Images as the Prior

To enable a comprehensive analysis of EM-PTDM, we introduce a custom-designed dataset tailored
for this task. It simulates active discovery scenarios involving an unknown number of balls with
unknown locations and radii, with MNIST images as the prior. Success in this setting requires effective
exploration of the search space to accurately localize the targets, capturing the core challenge of the
problem. The details of the proposed dataset are provided below.

Dataset Creation Procedure In this dataset, we generate each sample by randomly placing 5 to 10
identical balls within a 32x32 2D grid. The radius of all balls in a given sample is either 3 or 4 pixels,
randomly selected per sample. All placements are performed uniformly at random, subject to the
non-overlapping constraint and the boundary condition that each ball lies entirely within the 32x32
space.

SR Comparisons with Baseline Approaches As in previous settings, we quantitatively evaluate
EM-PTDM and baseline methods using the Success Rate (SR) metric. In this experiment, the task
involves actively discovering target balls using a diffusion model trained on the MNIST dataset as the
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e64 prior. The results, summarized in Table[9] show a consistent trend: EM-PTDM significantly outper-
665 forms all baselines across different measurement budgets. This further reinforces the effectiveness of
e66 EM-PTDM in handling active target discovery under an uninformative prior.

Table 9: SR Comparison with Baselines.
Active Discovery of balls with MNIST Digit Images as Prior.

Method B =150 B = 200 B = 250
RS 0.1458 0.1826 0.2187
DiffATD 0.4362 0.4432 0.4929
GA 0.3250 0.5170 0.6257
EM-PTDM 0.5561 0.6856 0.7875

667 Analyzing the Exploration Strategies of EM-PTDM and DiffATD Under Increasing Task
ess Complexity In this section, we provide additional visualizations highlighting the exploration
es9 behavior of EM-PTDM and DiffATD across different stages of the active target discovery task.
670 Using the task of discovering target balls with MNIST images as the prior, the visualizations in
671 Figures[I8] [I9]clearly show that EM-PTDM consistently explores more effectively and identifies
672 targets with higher accuracy, even under increasing task complexity while adhering to a strict budget
673 and under an uninformative prior. These results further underscore the robustness and adaptability
674 of EM-PTDM in challenging discovery scenarios, where efficient exploration of the search space is
675 the key. A striking emergent behavior is observed across both examples: in the early stages of the
676 active discovery process, EM-PTDM engages in broader exploration of the search space compared to
677 DiffATD. This initially results in fewer target discoveries (e.g., at step 60). However, this strategic
678 exploration enables EM-PTDM to build a richer understanding of the environment, which it later
679 exploits to surpass DiffATD, ultimately identifying a greater number of target regions before the
680 observation budget is depleted (see step 250).

Step=1 Step =3 Step = 60 Step =250 Target

DiffATD

EM_PTDM . . - - -

Figure 18: Visualizing the regions explored by each method at various stages of the ATD process. In
these visualizations, patches corresponding to successful queries are highlighted in Green, while
those resulting in unsuccessful queries are highlighted in Red. The task focuses on uncovering
Disjoint Balls from MNIST digit images as the Prior. The results demonstrate that EM-PTDM
discovers most target regions (i.e., Disjoint Balls).
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Figure 19: Visualizing the regions explored by each method at various stages of the ATD process. In
these visualizations, patches corresponding to successful queries are highlighted in Green, while
those resulting in unsuccessful queries are highlighted in Red. The task focuses on uncovering

Disjoint Balls from MNIST digit images as the Prior. The results demonstrate that EM-PTDM
discovers most target regions (i.e., Disjoint Balls).

DiffATD

EM-PTDM

V  Architecture, Training Details: 7—model, Pretrained Diffusion Model, and
the Reward Model; and Computing Resources

Details of h-model For the MNIST-to-Balls tasks, we employ 32-dimensional diffusion time-
step embeddings and a single-block U-Net h-model with layer widths of [32, 64]. In the species
discovery tasks, we also use 32-dimensional time-step embeddings, but with a single-block h-model
featuring wider layers [32, 64, 128]. For the ImageNet-to-DOTA tasks, we increase the embedding
dimensionality to 128, using a similar single-block h-model with widths [32, 64, 128]

Details of Reward Model Our proposed method, EM-PTDM, utilizes a parameterized reward
model, r,), to steer the exploitation process. To this end, we employ a neural network consisting of a
series of convolutional and fully connected layers, with non-linear ReLLU activations as the reward
model (7). The reward model’s goal is to predict a score ranging from O to 1, where a higher score
indicates a higher likelihood that the measurement location corresponds to the target, based on its
semantic features. Note that the size of the input semantic feature map for a given measurement
location can vary depending on the downstream task. For instance, when working with DOTA, we
use an 4 X 4 patch as the input feature size. After each measurement step, we update the model
parameters (7)) using the binary cross-entropy loss. Additionally, the training dataset is updated
with the newly observed data point, refining the model’s predictions over time. Naturally, as the
search advances, the reward model refines its predictions, accurately identifying target-rich regions,
which makes it progressively more dependable for informed decision-making. The reward model
architecture consists of 1 convolutional layer with a 3 x 3 kernel, followed by 5 fully connected (FC)

: N
layers, each with its own weights and biases. The first FC layer maps an input of size % to

an output of size 4 with weights and biases of size [M, 4] and [4] respectively. The second

FC layer transforms an input of dimension 4 to an output of size 32 with a 2-dimensional weight
of size [4, 32] and a bias of size [32]. The third FC layer maps 32 inputs to 16 outputs via a weight
matrix of shape [32, 16] and a bias vector of size [16]. The pre-final FC layer transforms inputs of size
16 to outputs of size 8 with [16, 8] weights, and a bias of shape [8]. The final FC layer produces an
output of size 2, with weights of size [8, 2] and a bias of size [2], representing the target and non-target
scores. The reward model uses the leaky ReLU activation function after each layer. We update the
reward model parameters after each measurement step based on the binary cross-entropy loss. The
reward model is trained incrementally for 3 epochs after each measurement step using the gathered
supervised dataset resulting from sequential observation, with a learning rate of 0.01.

Details of Primary Memory as Pretrained Diffusion Model We use DDIM [21]] as the diffusion
model across datasets. The diffusion models used in different experiments are based on widely
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adopted U-Net-style architecture. For the MNIST dataset, we use 32-dimensional diffusion time-step
embeddings, with the diffusion model consisting of 2 residual blocks. We select the time-step
embedding vector dimension to match the input feature size, ensuring the diffusion model can process
it efficiently. The block widths are set to [32, 64, 128], and training involves 30 diffusion steps. For
DOTA, we use the input feature size of [128, 128, 3], the architecture featuring 128-dimensional
time-step embeddings and a diffusion model with 2 residual blocks of width [64, 128, 256, 256, 512].
Finally, all experiments are implemented in Tensorflow and conducted on NVIDIA A100 40G GPUs.
Our training and inference code will be made public.

W Visual Illustration of EM-PTDM Sampling Strategy

We present a pictorial illustration of our proposed EM-PTDM approach in Figure [20]

Active Target Discovery Task

Decide Where to Query at the Next Step

Pre-Trained Diffusion

¢

H-Model

BY

Update with Partial
Observations

Training with Online Measurements

Online Feedback
Reward Neural Network

Decision Making
Score

Posteriors

Entropy

Likelihood

Figure 20: Overview of EM-PTDM Framework.

X Statistical Significance Results of EM-PTDM

In order to strengthen our claim on EM-PTDM’s superiority over the baseline methods, we have
included the statistical significance results with different active target discovery settings, and present
the results in Tables [T0] [TT} These results are based on 5 independent trials and further strengthen our
empirical findings, reinforcing the stability and effectiveness of EM-PTDM in tackling active target
discovery under an uninformative prior across diverse domains.

Table 10: Statistical Significance Results for Unknown Overhead Object Discovery.

Active Discovery of Overhead Objects with Ground Level ImageNet Images as the Prior.

Method B =250 B =300 B =350

RS 0.2325 £0.0190  0.2852 £ 0.0137  0.3207 = 0.0168
DiffATD 0.5143 £0.0067  0.6391 +0.0102  0.7348 £+ 0.0041
GA 04784 £0.0122  0.5659 £ 0.0096  0.6562 + 0.0054
EM-PTDM 0.5620 = 0.0073  0.7013 £+ 0.0038  0.8256 + 0.0093
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Table 11: Statistical Significance Results for Unknown Species Discovery Task.

Active Discovery of Species CS with Species GG as the Prior.

Method B =150 B =200 B = 250

RS 0.1624 £0.0133  0.2327 £0.0201  0.2775 £ 0.0154
DiffATD 0.3420 £0.0115  0.4365 £ 0.0057  0.4808 £ 0.0063
GA 0.4061 £0.0047  0.5067 & 0.0079  0.5567 & 0.0085
EM-PTDM 0.4983 + 0.0060  0.6495 £ 0.0108  0.6989 £ 0.0056
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