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Abstract

Active learning aims to maximize model perfor-
mance with minimal annotation costs by select-
ing the most informative samples from large unla-
beled pools, which often face a budget dilemma:
uncertainty-based methods induce redundancy un-
der low budgets, while representativeness-based
methods struggle to mine challenging samples un-
der high budgets. Although some heuristic param-
eter interpolation schemes attempt to bridge this
gap, such strategies suffer from a misalignment be-
tween theoretical assumptions and real-world dis-
tributions, failing to achieve a good exploration-
exploitation balance across all scenarios. In this
paper, we propose a general active learning frame-
work based on Distribution-Aware Energy Mini-
mization, which reformulates sample selection as
minimizing the energy function for the distribu-
tional discrepancy between the selected subset and
the global uncertainty field. This physical-inspired
perspective naturally derives a Hamiltonian com-
prising attractive terms and repulsive terms; mathe-
matically achieving an intrinsic and dynamic bal-
ance between uncertainty and representativeness.
Furthermore, we transform the optimization objec-
tive to the ground-state search of an Ising Model,
enabling efficient solutions via Coherent Ising Ma-
chine. Extensive numerical experiments show that
our method outperforms prior state-of-the-art meth-
ods across multi-budget regimes on several bench-
mark datasets. Validation on a real quantum hard-
ware also demonstrates the potential for quantum
computer in future large-scale selection tasks.

1 Introduction

In deep learning, unlabeled data are abundant, yet obtaining
high-quality annotations remains costly, time-intensive, and
often demands specialized expertise. To address this, Active
Learning (AL), as a compelling framework, has emerged to
maximize model performance under limited annotation bud-
gets by iteratively selecting the most informative samples.
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This framework is particularly indispensable in high-stakes
domains requiring scarce expert intervention, such as medi-
cal imaging [Yang ez al., 2017], autonomous driving [Hauss-
mann et al., 2020], and scientific discovery [Bassman Oftelie
et al., 2018]. By bridging the gap between data abundance
and annotation scarcity, AL serves as a vital engine for real-
world deployment, allowing large-scale data to be utilized ef-
ficiently through minimal yet strategic supervision.

Traditional active learning strategies generally fall into two
categories: 1) Uncertainty-based Methods [Lewis and Gale,
1994;°Gal et al., 2017; Ash et al., 2019], which priori-
tize challenging samples near decision boundaries to max-
imize information gain; 2) Representativeness-based Meth-
ods [Sener and Savarese, 2017; Yehuda et al., 2022; Haco-
hen er al., 2022], which aim to select a geometrically rep-
resentative subset that comprehensively covers the underly-
ing data distribution. However, in practice, a single strat-
egy rarely adapts well to all scenarios. There is a signifi-
cant budget dilemma: under low budgets, over-reliance on
uncertainty sampling often leads to failure. This occurs
not merely due to unstable estimates, but primarily because
high-uncertainty samples tend to cluster in specific regions.
Consequently, batch selection collapses into severe local re-
dundancy, wasting the limited budget on structurally repeti-
tive data. Conversely, under high annotation budgets, while
representativeness-based strategies ensure global coverage,
they often fail to target the fine-grained, challenging instances
required to further refine an already capable model, leading to
performance saturation. To bridge this gap, UHerding [Bae
et al., 2025] introduces an uncertainty coverage objective,
which is shown to degenerate to geometric coverage when
uncertainty becomes constant across all samples, and to un-
certainty sampling as the kernel bandwidth approaches zero.
Meanwhile, the method aims to develop a framework that
can smoothly transition from coverage to uncertainty across
small and large budgets. In practice, however, we observe a
critical disconnect between these theoretical asymptotes and
real-world behavior. Under low annotation budgets, the as-
sumption of constant uncertainty seldom holds, as samples al-
ready exhibit significant entropy differentiation even in early
training stages. Conversely, under high annotation budgets,
the operational kernel bandwidth remains substantially larger
than zero. Consequently, the method fails to fully realize its
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limiting theoretical behaviors in practice. Perhaps, the key
to resolve this inconsistency lies not in ideal asymptotic as-
sumptions, but in returning to the fundamental goal of active
learning: accurately approximating the uncertainty distribu-
tion over the true data manifold.

To this end, we propose a novel active learning framework,
namely Distribution-Aware Energy Minimization (DAEM).
Departing from covering uncertainty, our method treats the
unlabeled pool as a physical field in which each sample car-
ries an energy mass defined by its uncertainty. The objec-
tive is to select a subset whose empirical distribution mini-
mizes the statistical discrepancy from the global target un-
certainty distribution. From this perspective, we naturally de-
rive a physical Hamiltonian composed of both attractive terms
and repulsive terms, which mathematically achieves an intrin-
sic and dynamic balance between uncertainty and representa-
tiveness without relying on hand-crafted parameter annealing
strategies. Our main contributions are as follows:

* Physical-Inspired Framework for Efficient Active
Learning: We formulate an energy minimization frame-
work based on distribution matching, which can be
solved by efficient greedy solutions with some theoreti-
cal guarantees. This framework naturally avoids redun-
dancy in low-budget regimes through repulsive terms,
while accurately targeting challenging samples in high-
budget regimes via attractive terms, without relying
on tuned hyper-parameters. Experiments demonstrate
that our method outperforms previous State-of-the-Art
across multiple benchmarks including balanced, imbal-
anced, and transfer learning tasks while maintaining
higher computational efficiency on standard hardware
compared to complex baselines.

L]

Quantum Scalability via Ising Model: We mathemat-
ically establish the equivalence between the sample se-
lection problem and identifying the ground state of an
Ising Model. This physical perspective not only is effi-
cient on classical computers but also bridges the gap to
emerging quantum computing paradigms; such as Co-
herent Ising Machines (CIM). Our experiments demon-
strate the forward-looking nature of this approach, in-
dicating that as quantum hardware matures, this frame-
work is poised to unlock dual potential in both computa-
tional efficiency and model performance for ultra-large-
scale selection tasks.

2 Related Work

Active Learning Strategies. Active learning seeks to max-
imize performance under limited labeling budgets. Clas-
sical methods rely on uncertainty sampling, including En-
tropy [1994] and Margin sampling [Scheffer et al., 2001].
Bayesian approaches such as BALD [2017] and Batch-
BALD [Kirsch et al., 2019] measure epistemic uncertainty
for individual or batch selection. To reduce inference costs,
LPL [Yoo and Kweon, 2019] and DDU [Mukhoti et al.,
2023] introduce loss prediction or deterministic uncertainty,
while [Chen et al., 2024] addresses cold-start selection via
gradients. Hybrid methods include BADGE [2019] and
VAAL [Sinha ef al., 2019]. Other works exploit decision

boundaries through adversarial perturbations [Ducoffe and
Precioso, 2018], gradient changes [Koh and Liang, 20171, or
interpolation spaces [Parvaneh ef al., 2022], and further ex-
tend active learning to robustness [Yuan et al., 2023], open-
world discovery [Schmidt ef al., 2025], reinforcement learn-
ing [Dukkipati et al., 2025], and automated search [Wang et
al., 2024].

Geometric and Distributional Selection. To reduce sam-
pling bias, geometric methods formulate active learning as
coverage or distribution matching. DPPs [Kulesza and
Taskar, 2012] model diversity with kernels, Core-set [2017]
uses k-center clustering, and graph-based methods [Cara-
malau et al., 2021] exploit topological coverage. Distribu-
tional methods include DAL [Gissin and Shalev-Shwartz,
2019] and WAAL [Shui et al., 2020], while recent stud-
ies [Gupte er al., 2024] show that robust pre-trained repre-
sentations such as CLIP improve geometric coverage. Typ-
iClust [2022] and ProbCover [2022] select typical instances
or maximize probability mass. UHerding [Bae er al., 2025]
unifies uncertainty and.coverage but often requires approxi-
mations. In contrast, DAEM takes a distributional perspec-
tive, directly minimizing an energy objective to reconstruct
the uncertainty distribution without relying on asymptotic
assumptions.

Combinatorial Optimization and Quantum Computing.
Subset selection with cardinality constraints is combinatorial.
Facility Location [Cornuejols et al., 1977] and related objec-
tives [Pinsler et al., 2019; Wei et al., 2015] use submodu-
larity for greedy approximation. For quantum optimization,
one line maps combinatorial problems to Ising/QUBO for-
mulations [Lucas, 2014; Kochenberger et al., 2014], which
can be solved by specialized Ising machines, including the
Coherent Ising Machine (CIM) [McMahon er al., 2016;
Inagaki et al., 2016] and D-Wave quantum annealers [John-
son ef al., 2011]. Another line develops gate-based quantum
optimization algorithms, such as QAOA [Farhi et al., 2014;
Lu et al., 2023], variational quantum algorithms for combina-
torial optimization [Cerezo et al., 2021], and Lyapunov-based
quantum algorithmic frameworks with approximation guar-
antees [Chen et al., 2025]. Our work connects active learning
with this photonic computing paradigm by constructing an
Ising Hamiltonian for the distributional energy landscape, en-
abling optical parallelism for global ground-state search.

3 Distribution-Aware Energy Minimization
3.1 Problem Definition

We consider a standard pool-based active learning setup. Let
U = {x;}Y, denote a large pool of unlabeled data instances,
where samples are drawn i.i.d. from the marginal distribution
Px . Our core task is to devise a query strategy that selects an
optimal subset S C U with a fixed budget constraint |S| = B
at each round. These selected samples are then annotated by
an oracle and used to update the model.

We formulate active sampling as a Constrained Risk Mini-
mization problem for a single round. Fundamentally, we aim
to select a subset S such that, after updating the model f|s
using the information from S, the expected risk on the true
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underlying distribution Pxy is minimized:
E(xvy)'\"PXY [“f&ls(x)a y)]
(D

where £(-,-) denotes the loss function. This formulation
frames the goal of active learning as identifying a subset se-
lection that yields the maximal gain in generalization perfor-
mance. However, directly solving the optimization problem
in Eq.(1) faces two fundamental obstacles:

min R = min
Scu,|S|=B (f0|S) Scu,|S|=B

* Label Agnosticism and Distribution Inaccessibility:
The true labels y for the candidate subset .S are unknown
during the selection phase, making the posterior loss
uncomputable. The true joint distribution Pxy is un-
known; we can only approximate the population using
the finite observations in /.

e Hard-to-Optimize: The landscape for the objective
function in Eq.(1) is highly rugged, rendering it N'P-
hard. Generally, heuristic and approximation algorithms
serve as alternative approaches, yet these methods tend
to be time-expensive when pursuing high-quality solu-
tions.

Given these challenges, optimizing the true generalization
error directly is challenging. Alternatively, the key for ac-
tive learning thus lies in constructing a computable Surrogate
Objective. If the selected subset S can maximally approxi-
mate the empirical distribution of the full pool ¢/ in the fea-
ture space (ensuring distribution consistency) while simulta-
neously retaining the model’s most uncertain samples (max-
imizing information utility), it serves as a robust proxy for
the intractable risk minimization. This dual-objective strat-
egy effectively steers the selection towards a highly efficient
and high-performance active learning solution.

3.2 Optimal Subset Selection via Moment
Matching

Our core premise is to reconstruct the sample selection prob-
lem in active learning as a discretized sampling problem of
the Uncertainty Field. Let U = {x;}& , be the pool of un-
labeled samples, and u(x) be a scoring function quantifying
the uncertainty information of a sample. To effectively cap-
ture high-value regions on the data manifold, we define the
Target Information Distribution () as a normalized probabil-
ity measure weighted by uncertainty:

dQ(a) & u(z)dP(x) @)

Although the ultimate goal of active learning is to minimize
the generalization error of the model, directly optimizing
this objective is often intractable. Therefore, we propose a
surrogate strategy: selecting a cardinality-constrained sub-
set S C U (with |S| = B) such that its weighted discrete
empirical distribution Ps statistically approximates the target
distribution () as closely as possible. The intuition behind
this strategy is that if the sample set can faithfully reproduce
the distributional structure of the uncertainty field, a model
trained on this set will most effectively cover the ambiguous
regions of the decision boundary.

To quantify this distributional consistency, we adopt the
concept of Generalized Moment Matching. Our optimization

objective is to minimize the Distributional Discrepancy be-
tween the two distributions under a generalized correlation
measure G(-, -):

rnSin D(S) = m‘;n // (dQ(z) - dp5($))
x G(z,z") (dQ(x’) - dPS(z’))
€)]

where G(z,x’) is a symmetric positive-definite function de-
scribing the pairwise correlation between samples. To solve
this problem, we expand the squared term and decompose it
into three independent parts:

D(S) = / 4Q(x)G(z4")dQ(x")

Constant
— 2// dQ(x)G(x, x")dPs(z) @
Cross-term

+/ dPs(x)G (x, x")dPs (')

Self-term

Since the first term depends only on the global target distribu-
tion Q) and is independent of the choice of subset S, it can be
ignored during optimization. We discretize the remaining two
terms over the finite dataset I/ and subset S. Specifically, we
convert integrals to sums, where dQ(z) ~ % >, o u(%)d,
and dPs(z) = £ > e uls)ds.

By ignoring the constant term and transforming the mini-
mization of discrepancy into the maximization of utility, we
finally obtain the following discretized subset selection ob-
jective function 7 (S):

j(S) = % ZU(S)Vglobal(s)

sES

Information Coverage

_ % Z Z u(s)u(s)G(s,s")

seES s'eS

(&)

Structural Redundancy

Here, we introduce the auxiliary variable Vgiopai(s) =
> weu U(x)G(s, z), representing the Global Correlation Po-
tential of sample s relative to the entire dataset. This deriva-
tion reveals the intrinsic mechanism of optimal sampling: the
algorithm must find a balance between maximizing the cor-
relation of samples with the global uncertainty field and min-
imizing the pairwise correlation within the sample set. No-
tably, these coefficients are not heuristic hyperparameters but
emerge directly from the expansion of the distribution dis-
crepancy. This implies that our objective effectively balances
the global alignment and local redundancy in a parameter-free
manner, ensuring consistent distribution matching regardless
of the subset size.
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The proposed objective 7 (S), however, is derived from a
variational perspective to match the uncertainty field, its ef-
fectiveness fundamentally relies on ensuring that the selected
samples physically cover the high-value regions of the data
manifold. Theoretically, we establish a rigorous relationship
between the statistical distributional consistency and the ge-
ometric coverage capabilities of the selected subset. The for-
mal statement is as follows, proving that maximizing the in-
teraction energy (analogous to the information coverage term
in our objective) explicitly lifts the lower bound of the ge-
ometric coverage ratio, thereby providing a solid theoretical
foundation for our energy minimization framework. To op-
erationalize this analysis, we specifically instantiate the gen-
eralized correlation measure G as a kernel function K. Since
G is required to be symmetric and positive-definite to ensure
a valid discrepancy metric, reproducing kernels naturally sat-
isfy these geometric constraints and allow for rigorous bound
derivation.

Theorem 1 (Distribution Consistency and Coverage Effi-
ciency Bound). Let U denote the unlabeled data pool, and
S C U be the selected subset. For any covering radius r > 0,
define the geometric coverage ratio as:

1
p(r) = 7 Hz e U : dist(z,S) <r}|. (6)
Assume the interaction between data points is defined by
a Gaussian kernel function K(-,-). Let Eipter(S,U) =
> eu ﬁ > scs K(s, ) denote the Average Interaction
Energy between the subset S and the global pool U. Fur-
thermore, define the Maximum Local Interaction Energy
Emax(9) = max,cy ﬁ > scs K(s,x) as the peak potential
within the pool. The coverage ratio p(r) satisfies the follow-
ing bounds:

ginter(s7u) - ’7(7”) L
gma:c(s) - 7(71) ’Y(T)

where y(r) is the decay threshold associated with radius v
(for a Gaussian kernel, y(r) = e~/ (20%));

This theorem indicates that a higher degree of distribu-
tional approximation (larger & ,ter) raises the theoretical
lower bound of the geometric coverage p(r). Crucially, min-
imizing the local energy peaks (reducing &£,,4,) via repulsive
mechanisms further tightens this lower bound. Thus, min-
imizing distributional discrepancy is equivalent to explicitly
optimizing the coverage efficiency of the core set on the man-
ifold. Leveraging Theorem 1, we can derive the following
upper bound on the global error loss:

< p(r) < Einter(S,U)-|S| , (N

Corollary 1 (Energy-based Generalization Error Bound).
Given N i.i.d. samples drawn from P, asU = {(x;,y:)}}¥,,
where y; € [C| is the class label for x;. For any covering
radius v > 0, let S C U be a selected subset with average
interaction energy Einter(S,U) and maximum local interac-
tion energy Epmay(S). For any € > 1 — Bepergy (1), suppose:
(i) the loss I(-,y,w) is A\;-Lipschitz continuous for all y,w
and bounded by L; (ii) the class-specific regression function
ne(z) =Py = c|z) is \,-Lipschitz for all c € [C]; and (iii)

l(z,y;hs) = 0 for all (xz,y) € S. Then, with probability at
least 1 — e:

1
i Z Uz,y;hs)| <r(N + X\, LC)

(z,y)eU

Benergy ()
log (m)
2N ’
(8)

+L

Einter (S,U)—(r)
gma:c (S) _7(7‘) ’
The detailed proofs are provided in the supplementary ma-
terial.

where Bepergy(T) i=

3.3 Physical Realization: Quantum Hamiltonian
and Antiferromagnetic System

To find the global optimum within the complex high-
dimensional energy landscape, we map the subset selection
problem into an interacting spin system in statistical physics.
See supplementary material for details of the specific trans-
formation of the Ising model.

From Energy Minimization to Ising Model. We model
the selection state as a binary variable z; € {0,1}. Follow-
ing the principle of energy minimization derived from distri-
bution matching, the system’s Hamiltonian H (z) (ignoring
constant terms) is given by:

1
H(z)= Z <B2uiujg(i,j)> 2iZ;
v ©)

2 .
- Z <ijuivglobal(z)) Zi

To reveal the deeper physical mechanisms governing this
competition, we transform the binary variables into physical
spins s; € {—1,+1} via the mapping z; = (s; + 1)/2. To
strictly enforce the budget constraint Y z; = B, we intro-
duce a quadratic penalty term parameterized by A. In this
framework, the cardinality constraint B acts as a Chemical
Potential controlling particle density. Expanding terms yields
the fully explicit Ising Hamiltonian:

H(S) = ZJUSZ‘S]‘ +Zh15L (10)

i<j A

This formulation provides a profound physical interpretation
for Active Learning:

1. Geometric Frustration via Antiferromagnetism
(Jij): The coupling strength J;; = %(ﬁuiujgij +)\)
is strictly non-negative, creating an Information-Weighted
Antiferromagnetic Interaction. Physically, adjacent spins
(similar samples) strive to align anti-parallel (s;s; = —1) to
minimize energy. When multiple high-information samples
cluster locally, strong antiferromagnetic coupling induces Ge-
ometric Frustration, forcing the system to break symmetry
and spontaneously form a mutually exclusive lattice, thereby
enforcing sparsity.
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2. Competition via Effective Field (h;): The effective
field h; determines the spin orientation of sample 7, composed
of three competing forces:

1 2 1 1
h; = 5 <—BNU1'V1'> + 5 Z (BQUiujgij>
N————

Information Attraction

)

Redundancy Screening (1 1)

Constraint Bias

Whether sample ¢ ends up in the “excited state” (s; = +1)
depends on whether its Attraction (high uncertainty and rep-
resentativeness) can overcome the Screening Effect gener-
ated by its neighbors. This screening cloud (the summation
term) effectively cancels out the attractiveness of redundant
samples in high-density regions, explaining why our global
energy minimization is superior to greedy strategies that ig-
nore these collective interactions.

Truncated Potential and Manifold Localization. Finally,
to ensure the robustness of the aforementioned physical inter-
actions on high-dimensional data manifolds, we instantiate
the general potential G as a Truncated Gaussian Potential:

G(ai 2j) = exp(=yllwi—;|*) I(lws —a; | < e(xs)) (12)
where ¢(z;) is an adaptive truncation radius based on local
density. Introducing truncation serves not only to sparsify
computation but also to eliminate Long-tail Noise in high-
dimensional space. Due to the concentration of measure, dis-
tant samples often exhibit spurious weak correlations. The
truncation operation enforces Ising interactions to be effec-
tive only within local topological neighborhoods, ensuring
that the energy minimization process focuses on resolving the
local fine-grained structure of the manifold. This rugged en-
ergy landscape caused by short-range interactions is also the
scenario where the Coherent Ising Machine can better exploit
its optical bifurcation dynamics compared to greedy.

3.4 Algorithm

We encapsulate the proposed approach into.the Distribution-
Aware Energy Minimization (DAEM) algorithm. In this sec-
tion, we outline the classical greedy solution based on sub-
modularity and further discuss the adoption of Coherent Ising
Machine for addressing the Ising mapping problem.

Classical Greedy Solver and Submodularity: Submod-
ular maximization has been widely studied, from classical
greedy methods for monotone objectives [Nemhauser et al.,
1978] to recent continuous approaches for non-monotone
DR-submodular maximization [Chen et al., 2023]. Given that
the objective function 7(S) exhibits submodularity due to
non-positive elements in Hessian matrix, the greedy strategy
is an efficient approximation method on classical computers.
At each iteration, the algorithm selects the sample x* that
maximizes the marginal gain:

x* = argmax AJ(z|S:—1). (13)

z€U\St—1

Although the computational complexity scales quadratically
with the pool size, i.e., O(N?), the greedy algorithm remains
a robust and effective choice for our standard tasks.

Coherent Ising Machine via Ising Hamiltonian: We
leverage the derivation in Section 3.3 to map the optimization
objective to an Ising Hamiltonian H (s). The significance of
this mapping lies in transforming the combinatorial optimiza-
tion problem into a ground-state search of a physical system,
thereby paving the way for quantum potentials.

By encoding the problem into a physical energy model,
we facilitate the application of the Coherent Ising Ma-
chine, which exploits optical bifurcation phenomena and the
minimum-gain principle to naturally select modes with min-
imal loss, allowing for a dynamic evolution toward ground
states within complex energy landscapes. This physics-driven
optimization offers an efficient way in handling highly non-
convex landscapes. While current photonic hardware scale is
still evolving, the establishment of this mathematical formu-
lation demonstrates that our method is ready to seamlessly
integrate with future optical computing resources, providing
a novel computational perspective for solving complex distri-
bution matching problems.

Algorithm Framework: The complete workflow of the
DAEM framework is-outlined in Algorithm 1. In each iter-
ation, the algorithm computes the uncertainty field and ker-
nel matrix for the global unlabeled pool to construct the
distribution-aware optimization objective. Subsequently, de-
pending on the available computational backend (Classical
Greedy or Quantum), the objective is optimized to select the
optimal subset.

Algorithm 1 DAEM: Distribution-Aware Energy Minimiza-
tion
Require: Unlabeled pool ¢/, Query budget B, Initial model
b0
Ensure: Updated model 61
1: Initialize labeled set £ < () (or initial set)
2: forroundt = 1to T do
3:  Compute uncertainty scores u(x) and feature embed-
dings ¢(x) forall z € U
4:  Construct Optimization Objective 7 (S) in Eq. (5)
5:  Solve Subset Selection:
6: Sy« argmaxgy sj=p J (S) {Via Greedy Algo-
rithm or Coherent Ising Machine }
7: Query labels for S;: £+ LU S, U < U\ S;
8:  Train model 6, on L
9: end for
10: return 6O

4 Experiments

In this section, we conduct a comprehensive evaluation of our
DAEM algorithm across multiple image classification bench-
marks. To ensure the rigor and reproducibility of our results,
our experimental design strictly adheres to methodological
standards outlined in [Liith et al., 2023]. The detailed ex-
Ilaerimental setup can be found in the supplementary material

"For specific code and the supplementary material of the paper,
please refer to: https://github.com/yzc060202/DAEM.
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Method CIFAR-10 CIFAR-100 Tiny-ImageNet BloodMNIST Imb-Tiny
Small Large Small Large Small Large Small Large Small Large

Entropy 0.33+0.68 1.861034  —1.854035 0.031067 —3.121010 —2.351013 —16.084421 —15.2641314 —2.031026 —1.41i0.05
Margin —0.4841 43 1.641085 —1.05:036 0.291061 —1.26404s —1.201025 —2.501431 —0.514007  —0.871004 —1.0710.4s
CoreSet —15.66+£107 —T7.721160 0.202020 0.284013 —5.444013 —6.3li01s  0.171001 0.5610.54 —3.811010 —3.9510.45
BADGE 0.1810.83 1.641046  —0.061020 0431013 —0.38+1014 —0.751025  0.694268 1.87+0.60 0.334011  —0.511053
wk-means —0.1311_35 —0.6410,14 0-1710_3] 0-39;&0_38 0.00io_Qg 011:&0.18 2-4212.68 0.4610,19 0.3510,30 0.0510,2]
TypiClust 2.621037  —0.074041 0174029  0.061024  2.1410.20 1.8140.22 1.7640.49 0.6411.01 2.2510.30 1.0840.73
uHerding 2.7010.71 1844042  —0.284024 0324019  1.031033 —1.854018 —2.38123s —0.3711.47 1.0040.09  —1.2240.24
DAEM(Ours)  5.05+0.83 3.651058 0.771034 0.531023 3.591041 2801046 4.02i262 2.70+1.20 3.05.:005 1.231031

Table 1: Experimental results (Randomization-based Relative Test Accuracy %) of different Active Learning methods across five datasets
under Small(Low) and Large(High) budgets. The best results are highlighted in bold.

4.1 Performance Comparison Across Datasets

Tab.1 summarizes the average accuracy gains of various ac-
tive learning strategies relative to random sampling across
five benchmark datasets, categorized into Small Budget and
Large Budget regimes. Quantitative results demonstrate that
our DAEM framework achieves the best performance across
all experimental settings (highlighted in bold), exhibiting su-
perior label efficiency. To provide a more intuitive analysis,
we visualize the detailed performance curves on CIFAR-10
compare the computational time costs in Fig.1, Right.

Mitigating Redundancy and Sustaining Improvements.
Uncertainty-based strategies are prone to local redundancy
due to sample clustering. As shown in Tab.1, Entropy and
Margin perform poorly in small budget scenarios across mul-
tiple datasets (e.g., —3.12% for Entropy on Tiny-ImageNet).
Fig.1 (Left) further confirms this; DAEM establishes a sig-
nificant lead right from the start. This is attributed to our
energy minimization-based repulsion mechanism, which en=
forces orthogonality among selected samples, effectively dis-
persing sampling points. As the budget increases (in the
middle part of Fig.1), many clustering-based methods (e.g.,
UHerding) suffer from performance saturation due to exces-
sive distribution smoothing. In contrast, DAEM dynamically
balances global distribution matching with local uncertainty
attraction, maintaining the highest gains in the high-budget
regimes of CIFAR-100 and Tiny-ImageNet, demonstrating its
adaptability throughout the entire training lifecycle.

Computational Efficiency. ‘Beyond accuracy, DAEM
demonstrates exceptional computational efficiency. Fig.1
illustrates the time consumption of various algorithms on
CIFAR-10 as the number of samples increases (log scale).
While TypiClust and UHerding outperform traditional meth-
ods in some performance metrics, their computational costs
exhibit a significant upward trend with data scale, potentially
becoming a bottleneck. In contrast, DAEM (red line) main-
tains a time cost in the order of 10 seconds with a remark-
ably flat growth rate. This efficiency is attributed to our opti-
mized energy minimization strategy, which enables the rapid
identification of high-performance subsets from large-scale
pools without incurring prohibitive computational overheads.
These results indicate that DAEM successfully overcomes the
trade-off between performance and computational cost, mak-
ing it highly suitable for large-scale real-world applications.

Additional Results. Detailed curves, setups, ablations,
and sensitivity analyses are provided in the supplementary
material.

4.2 Quantum vs. Classical: A Comparative
Analysis

To investigate the potential of quantum computing in active
learning, we conducted a head-to-head comparison between
the classical greedy solver and the Coherent Ising Machine
(CIM) solver implemented on QBoson’s 550-qubit coherent
optical quantum computer, CPQC-550, using CIFAR-10 and
BloodMNIST. The results are visualized in Fig.2 and ana-
lyzed from two perspectives: optimization quality and com-
putational scalability.
1. Optimization Quality: The Trade-off between Noise
and Global Search. In Fig.2 (Left), under the low-budget
regime (B = 50), the classical greedy strategy generally out-
performs the quantum solver. For instance, on BloodMNIST,
the greedy approach leads by a clear margin. We attribute this
to the hardware constraints of current devices, such as the
limited precision (e.g., 8-bit) for parameters J;; and h;. In
small-scale combinatorial problems where the energy land-
scape is relatively simple, the intrinsic *physical noise’ and
embedding overhead of the hardware can disrupt the precise
identification of the ground state, whereas the deterministic
greedy algorithm robustly finds high-quality local optima.

However, a critical transition is observed as combinato-
rial complexity increases. In the high-budget regime (B =
100), as shown in Fig.2 (Right), the quantum solver be-
gins to demonstrate its utility. Notably on CIFAR-10, the
quantum trajectory (blue dashed line) intersects and even-
tually surpasses the classical greedy baseline. This rever-
sal suggests that as the solution space expands exponentially
((‘1138) > (45500)), classical greedy heuristics are more prone
to entrapment in sub-optimal local minima. In contrast, the
CIM, leveraging search dynamics in continuous phase space,
exhibits a stronger potential to escape local optima and ap-
proximate the global minimum. This indicates that photonic
computing offers a promising avenue for high-complexity
regimes where classical heuristics falter.
2. Time-to-Solution: The Shift in Computational Bottle-
neck. Beyond accuracy, we analyze the scalability of the
solver to evaluate their future potential. To quantify the com-
putational overhead, we recorded the runtime of the classical
greedy solver and the total DAEM algorithm latency across
increasing budget sizes. The averaged results on CIFAR-10
are summarized in Tab.2.

Our empirical data reveals a fundamental divergence in
how computational costs scale with the query budget B:
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Figure 1: CIFAR-10 performance and efficiency analysis. Left and middle panels compare algorithm results with Random baseline under
distinct budget constraints, while the right one shows selection latency and corresponding 100-epoch training expenses.
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Figure 2: Greedy and quantum DAEM accuracy on BloodMNIST
and CIFAR-10 under B = 50 and B = 100.

¢ Classical Scalability Wall: The computational cost of
the classical greedy solver grows significantly with the
budget size B, creating a distinct bottleneck shift as
shown in Tab.2. In the low-budget regime (e.g., B =
50), the greedy solver consumes only 0.13s, accounting
for a negligible 3.5% of the total runtime. Here, the la-
tency is dominated by fixed pre-processing tasks such as
kernel construction. However, as the scale expands to
B = 10,000, the solver latency surges to 4.26s. Cru-
cially, the solver’s contribution to the total runtime esca-
lates dramatically to 54.8%, overtaking pre-processing
as the primary time sink. This trend confirms that for
ultra-large-scale real-time applications, the classical op-
timization step inevitably evolves from a minor overhead
into the dominant constraint.

CIM Speedup Potentials: In contrast, the computation
time of the CIM exhibits weak dependence on the budget
size. The solution latency is governed by the temporal
evolution dynamics of optical pulses. In our numerical
experiments, the physical evolution times remains con-
stant at approximately 7ms, which illustrate the consid-

BUdget (B) ‘ Tsolver (S) Ttotal (S) ‘ Ratio (%)

50 0.13(0.00697)  3.69(3.5091) | 3.5(0.002)

100 0.15(0.00674)  3.60(3.4385) | 4.2(0.002)
1000 0.62 4.10 15.1
10000 4.26 7.77 54.8

Table 2: Comparison of computational time costs for the DAEM
algorithm under different budgets (B) on CIFAR-10. The table lists
solver time (Tsoiver), total time (Totq1), and the ratio. Note: Values
outside parentheses represent the Greedy algorithm, while values
inside parentheses represent CIM.

erable speedup potential for ultra-large-scale instances.

Crucially, the value of DAEM extends beyond immedi-
ate runtime comparisons. A distinguishing feature of our
framework is that its optimization objective is formulated
to be mathematically equivalent to an Ising model. Un-
like standard active learning methods restricted to classical
heuristics, this specific mathematical structure allows DAEM
to directly leverage quantum computing substrates. Conse-
quently, our framework possesses distinct ‘quantum poten-
tials’: as quantum hardware matures, offering higher qubit
counts and lower noise floors, DAEM is inherently positioned
to harness these characteristics, promising continuous im-
provements in both optimization performance and time ef-
ficiency that are inaccessible to purely classical algorithms.

5 Conclusion

We propose Distribution-Aware Energy Minimization, a
physically inspired active learning framework that reformu-
lates distribution matching as energy minimization. The re-
sulting objective dynamically balances uncertainty and rep-
resentativeness without hand-crafted parameters. Experi-
ments show that DAEM outperforms prior SOTA methods
across multiple budget regimes with higher computational ef-
ficiency. We further demonstrate the potential of quantum
computing for future large-scale active learning.
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