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ABSTRACT

Data-driven learning paradigms typically require massive amounts of high-quality
data to learn reliable decision models. In safety-critical domains, the cost of ob-
taining high-quality labeled data often exceeds practical budgets, while abundant
low-quality data from routine operations remains unutilized. This creates a para-
dox: systems are data-rich but knowledge-poor, as traditional methods require
extensive preprocessing that often removes valuable information. We introduce
a learning framework that constructs cognitive manifolds to represent the sys-
tem’s evolving understanding, enabling principled utilization of mixed-quality
data. Rather than filtering out imperfect data or treating all data equally, our ap-
proach dynamically evaluates each data point’s potential contribution based on
the learner’s current cognitive state. We formalize this through exploration mea-
sures that capture the model’s understanding uncertainty, enabling it to identify
when low-quality data can fill knowledge gaps versus when it would introduce
harmful noise. The framework transforms the traditional data quality problem
into a cognitive matching problem: aligning data characteristics with the learner’s
current knowledge needs. Through this cognitive manifold representation, even
highly noisy data becomes valuable during early learning stages when any infor-
mation reduces uncertainty, while the same data is appropriately ignored once the
model develops robust understanding. Experiments on multi-objective optimiza-
tion tasks with mixed-quality data demonstrate that our approach extracts 3.6%
more actionable knowledge from the same datasets compared to quality-filtering
baselines, while maintaining the strict constraint satisfaction required in safety-
critical applications.

1 INTRODUCTION

Mission-critical renewable energy power systems require intelligent dispatching strategies to achieve
multi-objective optimisation whilst satisfying hard constraints (Rao et al., 2025). This challenge is
particularly pronounced in satellite battery systems experiencing frequent switching between sunlit
and eclipse phases, with temperatures fluctuating drastically between -40°C and +60°C (Li, 2024).
High-energy particles in space radiation environments cause irreversible capacity loss (Rodrigues
et al., 2017), requiring highly autonomous decision-making capabilities (Roman et al., 2021; Zou
et al., 2025a). Failure of battery dispatching strategies may interrupt critical missions (Wang et al.,
2023).

Current battery management faces severe data scarcity challenges (Schäfer et al., 2024). High-
quality operational data remain exceedingly sparse with prohibitively expensive acquisition
costs (Tao et al., 2024). While abundant low-quality data contain rich information, they cannot
be directly utilised due to sensor noise, inaccurate labelling, and environmental variations, creating
a ”data-rich but knowledge-poor” paradox (Alzubaidi et al., 2023). This leads to insufficient model
generalisation and decreased reliability (Feng et al., 2020; Severson et al., 2019).

The essence of the problem lies in the fundamental conflict between traditional reductionist mod-
elling paradigms and realistic data characteristics (Wang et al., 2024) as in Fig 1. Traditional meth-
ods heavily rely on extensive high-quality annotated data whilst ignoring practical acquisition dif-
ficulties (Lanubile et al., 2024). This paradigm assumes identical distributional properties between
training and application scenarios, failing to address distribution shifts during long-term satellite
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Data	cleaning	removes	low-quality
samples	by	setting	quality	thresholds,
retaining	only	high-confidence	data
for	training.	While	ensuring	data

reliability,	it	further	reduces	available
samples	in	data-scarce	environments,
exacerbating	insufficient	training	data

issues.

Data	augmentation	artificially	expands
datasets	by	transforming	existing	data
and	adding	noise.	While	increasing

data	volume,	augmented	samples	are
essentially	variants	of	original	data,
failing	to	provide	genuinely	new

information	and	potentially	causing
model	overfitting.

Data	Augmentation

>0.6		reserve
<0.6		Delete

Data	Cleaning

Figure 1: Limitations of traditional data processing methods. Data cleaning removes low-quality
samples but exacerbates data scarcity; data augmentation expands data volume but provides no new
information and may cause overfitting.

operations (Nozarijouybari & Fathy, 2024). Models exhibit severely inadequate generalisation ca-
pabilities when confronted with novel conditions (Lu et al., 2023).

Existing machine learning algorithms exhibit three fundamental deficiencies when applied to data-
scarce aerospace energy systems (Attia et al., 2020). Firstly, weighted scalarisation strategies lack
theoretical foundation and cannot guarantee Pareto optimality (Peng et al., 2023; Jablonka et al.,
2021). Secondly, hard physical constraints are transformed into soft constraints through penalty
mechanisms, which cannot strictly guarantee constraint violations will not occur (Pan, 2021; Heenan
et al., 2023). Most critically, deep reinforcement learning algorithms heavily depend on data dis-
tribution stability assumptions, are prone to local optima, and cannot provide theoretical guarantees
for aerospace systems (Wang, 2025; Zou et al., 2025b; Lombardo et al., 2021).

Aerospace energy management systems urgently require a novel paradigm capable of achieving
intelligent decision-making in data-scarce environments (Aykol et al., 2020; Lin et al., 2024; Ng
et al., 2020). Such systems must incorporate physical constraints as intrinsic components whilst
perceiving data quality differences and intelligently utilising mixed-quality information (Beucler
et al., 2021; Zhu et al., 2022; Lin et al., 2023; Liu et al., 2025).

We propose an adaptive learning paradigm based on cognitive state awareness that fundamentally
redefines the learning problem in data-scarce environments. The core insight lies in recognising that
data value is highly dependent on the system’s current cognitive level. We construct an exploration-
guided learning framework that dynamically adjusts data utilisation strategies by quantifying the
system’s ”degree of understanding”: when system cognition is limited, conservative learning strate-
gies exploit existing experience; when understanding becomes sufficient, the system transitions to-
wards innovative exploration modes. Through this dynamic matching between cognitive states and
learning strategies, we achieve intelligent extraction of valuable information from mixed-quality
data.

2 RELATED WORK

2.1 DATA DILEMMA IN BATTERY MANAGEMENT SYSTEMS

Modern battery management systems (BMS) confront a significant data dilemma, as the scarcity of
high-quality data and the gap between simulation and reality impede the development of intelligent
solutions Zhu et al. (2022); Ng et al. (2020). Data-driven machine learning struggles with a lack
of complete lifecycle data due to high acquisition costs and long periods Ling (2022); Aykol et al.
(2020). Laboratory data often fails to generalize to real-world conditions Dos Reis et al. (2021); Zou
et al. (2023); Lombardo et al. (2021), and the simulation-to-reality gap exacerbates this, as simula-
tions cannot capture complex real-world factors Borah et al. (2024); Liu et al. (2019). Furthermore,
online learning is infeasible due to the high risks of thermal runaway Ruan et al. (2021); Feng et al.
(2018), and highly variable data quality from real-world sensors introduces noise and missing val-
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ues, rendering traditional methods ineffective Dubarry et al. (2017); Zhang et al. (2020). These
issues collectively pose a fundamental barrier to next-generation intelligent BMS technologies.

2.2 LEARNING LIMITATIONS IN DATA-SCARCE ENVIRONMENTS

Existing machine learning (ML) methods face fundamental structural limitations in data-scarce en-
vironments, stemming from their static data processing and lack of environmental understanding Liu
et al. (2023); Kejriwal et al. (2024). Current approaches use a ”one-size-fits-all” strategy that fails
to distinguish between high-quality and noisy data, compromising model performance Lombardo
et al. (2021); Tuia et al. (2022). Furthermore, these algorithms lack the introspective capability to
assess their own understanding of the environment Schulze Buschoff et al. (2025); Voytek & Knight
(2015), which prevents them from dynamically adjusting the exploration-exploitation trade-off Yao
et al. (2023); Jamieson et al. (2014); Ling (2022). This absence of data value assessment and a
reliance on passive learning are key bottlenecks to learning efficiency. Addressing these issues re-
quires a new learning paradigm with cognitive perception that can intelligently utilize mixed-quality
data.

3 PROBLEM DEFINITION

Artificial satellites, as mission-critical systems operating autonomously in harsh space environ-
ments, face unprecedented technical challenges in coordinated multi-battery management. Satel-
lites experience frequent transitions between sunlit and eclipse phases during 90-minute orbital cy-
cles, with battery temperatures fluctuating dramatically between -40°C and +60°C, whilst simulta-
neously enduring irreversible capacity losses from radiation. This complex multi-constrained, multi-
objective, multi-agent decision-making problem necessitates rigorous mathematical frameworks to
guarantee system safety, reliability, and optimality. Consider a satellite power system comprising n
battery packs, modelled as a multi-agent Markov decision process M = ⟨N ,S, {Ai}, {Ti}, {Ri}⟩.
The complete state of the i-th battery pack is si(t) = slocali (t) ∪ sglobal(t), where:

slocali (t) = {SOCi(t), Ti(t), Ii(t), Vi(t)} (1)

sglobal(t) = {θorbit(t), ϕsolar(t), Rradiation(t),qattitude(t), tmission} (2)
The dynamic evolution follows an enhanced equivalent circuit model considering space environment
effects:

dSOCi(t)

dt
= − Ii(t)

Qnom,i · ηtemp(Ti) · ηrad(Rradiation)
(3)

System operation must satisfy strict constraints including power balance and SOC safety:
n∑

i=1

Pi(t) = Pload(t) + Pthermal(t) + Pattitude(t) + Pcommunication(t) (4)

Data acquisition faces significant challenges with mixed-quality dataset Dmixed =
{(sj , aj , rj , s′j , qj)}Nj=1, where qj ∼ Beta(αquality, βquality) denotes implicit data quality la-
bels. Data quality differs due to diverse sources: limited high-fidelity on-orbit data, abundant
ground test data with environmental differences, voluminous simulation data with model errors,
and poor-quality noisy data. The core challenge is that high-quality data quantity is far smaller than
total volume, |Dhigh| ≪ |Dtotal|, whilst quality labels are unknown, rendering traditional methods
inapplicable and leading to bias:

EDmixed
[Qπ(s, a)] ̸= Eρπ [Qπ(s, a)] (5)

The control problem is formulated as constrained multi-objective optimisation to learn a policy π
minimising:

min
π

Eπ

[ ∞∑
t=0

γt

(
α1C̄degradation(st, at) + α2C̄energy(st, at)− α3R̄mission(st, at)

)]
(6)

subject to constraints gpower(π) = 0, gthermal(π) ≤ 0, gSOC(π) ≤ 0, and
P(constraint violation) ≤ δsafety . The core challenges are: learning high-performance policies
from mixed-quality data with unknown quality labels, guaranteeing policy generalisation under dis-
tribution shifts, and strictly satisfying safety constraints during learning to avoid system failure.
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This	theory	constructs	a	three-dimensional	exploration
quantification	system	covering	state,	policy,	and	temporal
aspects	to	dynamically	regulate	data	utilization	strategies.
State	exploration	adjusts	data	dependency	based	on
environmental	novelty,	policy	exploration	balances

exploration-exploitation	through	decision	uncertainty,
and	temporal	exploration	enables	natural	learning

progression.	The	weighted	fusion	of	three	dimensions
forms	a	comprehensive	indicator	that	drives	learnable
weighting	functions	for	intelligent	matching	between

exploration	states	and	data	utilization.

High	exploration	regions	reduce
reliance	on	historical	data,	with	the
system	focusing	more	on	policy
innovation	and	exploration.

High	policy	exploration	regions	indicate	high
decision	uncertainty,	where	the	system	reduces

data	dependency	and	enhances	policy
innovation.

Low	exploration	regions	enhance
data	dependency,	with	the	system

primarily	utilizing	known
experience	patterns.

Temporal	exploration	degree	captures	natural	learning	progression
through	sigmoid	function.	Early	high	exploration	favors	policy

innovation	for	new	experiences;	later	low	exploration	shifts	toward
relying	on	successful	patterns	in	historical	data.	This	design	achieves

gradual	exploration-exploitation	balance.

Low	policy	exploration	regions	show	high
decision	confidence,	where	the	system

increases	data	dependency	and	utilizes	mature
experience.

State	Exploration	Degree Policy	Exploration	Degree Temporal	Exploration	Degree

In	mixed	data	environments,	high-
quality	data	(dark	regions)	is	scarce

while	low-quality	data	(light	regions)	is
abundant,	making	traditional	methods
struggle	to	identify	and	utilize	quality

samples	effectively.

Exploration-Guided	Adaptive	Data	Utilization	Theory
Data	quality	distribution

Figure 2: Exploration-guided adaptive data utilization theory. The theory constructs a three-
dimensional exploration quantification system (state, policy, and temporal exploration degrees) to
intelligently extract valuable information from mixed-quality data through dynamic matching be-
tween exploration states and data utilization strategies.

4 METHODS

4.1 EXPLORATION-GUIDED ADAPTIVE DATA UTILISATION THEORY

When confronting mixed-quality data environments, the core limitation of traditional reinforcement
learning methods lies in their inability to intelligently identify and utilise the potential value of dif-
ferent data. As in Fig 2, we propose an exploration-guided adaptive data utilisation theory that
dynamically adjusts data dependency strategies by quantifying the system’s ”degree of understand-
ing” of the environment. The core insight is that when the system has limited understanding of the
environment, it should rely more heavily on experiential patterns in historical data; whilst when the
system possesses sufficient understanding, it can more freely engage in policy innovation.

The quantification of exploration degree constitutes the foundation of this theoretical framework. We
define exploration degree as a composite indicator of state novelty, policy uncertainty, and learning
progress:

E(s, π, t) = α1Estate(s) + α2Epolicy(π) + α3Etemporal(t) (7)

where state exploration degree measures the novelty of the current state, policy exploration degree
reflects uncertainty and diversity of policy outputs, and temporal exploration degree captures the
stage characteristics of the learning process. The dynamic evolution of exploration degree follows:

dE
dt

= −γdecayE + βsurpriseIsurprise(st, at, rt)− λconstraintVviolation(st, at) (8)

Exploration degree-based data weight learning constitutes the core innovation of this theory. Unlike
traditional methods that pre-evaluate data quality, we design a learnable weight function:

wadaptive(s, a, r, s
′) = σ

(
WT

wϕcontext(s, a, r, s
′, E)

)
(9)

The theoretical advantage lies in achieving end-to-end joint optimisation of weight learning and pol-
icy learning. The weight function automatically learns to identify which data samples possess higher
value at the current learning stage during training, without relying on pre-designed heuristic rules.
This exploration degree-guided adaptive mechanism provides a principled approach for handling
mixed data environments with unknown data quality, avoiding the difficulties of pre-evaluating data
quality.
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Initial
Distribution

Final
Decision

Imitator	Decision	Path

Expert	Decision	Path

Imitation	Guidance

The	higher	the	elevation,	the	more
the	behavior	resembles	high-

quality	patterns	from	real	data.

Adaptive	Behavioral	Cloning	Regularization Value-Guided	Discriminative	Regularization Physics-Constrained	Soft	Projection	Regularization

Implements	intelligent	imitation	learning	through	dynamic
weighting	mechanisms.	Assigns	differentiated	weights	based	on

data	quality,	giving	high-quality	data	greater	influence	while
suppressing	noise,	ensuring	extraction	of	valuable	behavioral

patterns	from	mixed-quality	data.

Employs	adversarial	learning	with	value	function
guidance.	Enables	policies	to	generate	"high-reward

potential"	behaviors,	achieving	balance	between
conservatism	and	exploration.

Embeds	physical	laws	as	soft	constraints	into	learning	process,
ensuring	policy	adherence	to	system	limitations.	Guides	policies	to
find	optimal	solutions	within	feasible	domains	through	continuous

penalty	signals,	providing	reliable	safety	guarantees.

System	 acts	 like	 a	 freshman	 relying	 on	 textbooks.
Behavioral	cloning	dominates,	policies	mainly	imitate	data
experience.	Discriminative	regularization	barely	functions,
avoiding	 risks.	 Physics	 constraints	 are	 extremely	 strict,
ensuring	 absolute	 safety.	 Together	 they	 form	 "strict
imitation,	 innovation	 rejection,	 extreme	 conservation"
pattern.

System	 enters	 balance	 phase,	 seeking	 equilibrium
between	imitation	and	innovation.	Behavioral	cloning	and
discriminative	 regularization	 share	 equal	 weight	 -	 half
learning	 experience,	 half	 trying	 new	 ideas.	 Physics
constraints	moderately	 relax,	allowing	careful	exploration
near	 safety	 boundaries.	 Forms	 "stable	 progress"	 growth
strategy.

System	 matures	 confidently,	 actively	 innovating	 and
exploring.	 Discriminative	 regularization	 takes	 the	 lead,
seeking	breakthrough	strategies.	Behavioral	cloning	steps
back,	no	longer	constraining	creativity.	Physics	constraints
adopt	 flexible	 soft	 boundaries,	 maximizing	 exploration
space.	 Creates	 "bold	 innovation,	 excellence	 pursuit"
atmosphere.

Mixed	Regularization	Variational	Learning	Framework

Dang
erous

Figure 3: Mixed regularization variational learning framework. The framework integrates adaptive
behavioral cloning, value-guided discriminator, and physics-constrained regularization mechanisms,
dynamically adjusting regularization weights through exploration degree to achieve intelligent bal-
ance between conservatism and exploration.

4.2 MIXED REGULARIZATION VARIATIONAL LEARNING FRAMEWORK

Building upon the exploration-guided adaptive data utilisation foundation, we construct a mixed
regularization variational learning framework to unifiedly address multiple learning objectives in-
cluding behavioural cloning, exploration guidance, and physical constraint satisfaction as in Fig 3.
Traditional offline reinforcement learning methods often rely on single regularization mechanisms,
struggling to find optimal balance between conservatism and exploration. Our framework organi-
cally integrates multiple regularization strategies through variational inference theory.

The variational learning framework reformulates the policy optimisation problem as a variational
inference problem. We seek the optimal policy that maximises:

π∗ = argmax
π

E(s,a)∼D[w(s, a) log π(a|s)]− KL(π∥p(π)) (10)

The mixed regularization mechanism organically combines three different types of regularization
terms:

Rblended(π) = (1− β)RBC(π) + βRDR(π) + λphysRphysics(π) (11)
where the behavioural cloning regularization term ensures policy consistency with good behavioural
patterns, the discriminator regularization term guides policy exploration towards high-value regions
through adversarial learning mechanisms, and the physics constraint regularization term ensures
learned policies obey the physical laws of satellite systems. Adaptive adjustment of balance param-
eters constitutes the key mechanism for achieving exploration-guided learning:

β(E) = min(1, β0 + βadaptive · E) (12)

This design ensures that the learning process can automatically adjust the balance between con-
servatism and exploration according to the system’s current understanding level. The theoretical
advantages manifest in providing a principled mathematical framework for multi-objective fusion,
achieving automatic identification and utilisation of data quality, and ensuring smooth transitions
from data-driven to model-driven approaches.

4.3 EXPLORATION-AWARE ACTOR-CRITIC LEARNING ALGORITHM

Based on the exploration degree theory and mixed regularization variational learning framework,
we design an exploration-aware Actor-Critic learning algorithm that deeply integrates exploration
degree mechanisms into the core components of policy gradient and value function estimation. Tra-
ditional Actor-Critic methods often exhibit instability when handling mixed-quality data due to their
lack of awareness regarding data quality and learning states in gradient estimation and value propa-
gation processes.
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Higher	exploration
degree	ζ	leads	to	more
relaxed	constraint

boundaries,	achieving
dynamic	balance	from
strict	safety	to	moderate

exploration.

The	system	pursues	policy
innovation	based	on	sufficient
understanding,	with	the	most
relaxed	constraints	to	seek
performance	breakthroughs.

Balances	data	experience	with
policy	exploration,	achieving

stable	performance
improvement	under
moderate	constraints.

Strictly	relies	on	historical
data	patterns	with	the

strictest	constraints	to	ensure
safe	system	operation.

Conservative
Learning	Phase

Gradient-
Guided	Phase

Optimal
Convergence

Phase

Constraint-Aware

Constraint-Aware	Projection

Figure 4: Constraint-aware projection and satellite environment specialization theory. The theory
dynamically modulates constraint strictness through exploration degree, progressively transitioning
from strict constraints in conservative learning phase to moderate constraint relaxation in optimal
convergence phase, achieving dynamic balance between safety and performance.

Exploration-aware modification of policy gradients constitutes one of the core innovations. We
dynamically adjust weights according to exploration degree and sample characteristics:

∇θJ(πθ) = E(s,a)∼ρπ [wE(s, a) ·Qπ(s, a) · ∇θ log πθ(a|s)] (13)
The dual-scale design of value function estimation specifically targets the temporal characteristics
of satellite multi-battery systems, separately modeling rapid environmental changes within orbital
cycles and slow-varying processes across orbital cycles:

Qdual(s, a) = αshortQshort(s, a) + αlongQlong(s, a) (14)
The exploration degree-modulated Bellman equation embeds exploration-aware mechanisms into
the fundamental update rules of value functions:

Qπ(s, a) = r(s, a) + γEs′∼P (·|s,a),a′∼π(·|s′)[wE(s
′, a′) ·Qπ(s′, a′)] (15)

Joint training of Actor and Critic networks follows exploration-aware update rules that integrate
mixed regularization variational objectives with exploration-aware policy gradients. The practical
significance lies in providing a complete solution that can both fully utilize mixed-quality data and
guarantee learning stability.

4.4 CONSTRAINT-AWARE PROJECTION AND SATELLITE ENVIRONMENT SPECIALIZATION
THEORY

Building upon the exploration-aware Actor-Critic algorithm, we establish constraint-aware projec-
tion operator theory and satellite environment specialization theory extensions to ensure algorithmic
safety under complex constraint conditions and robustness in extreme space environments as in Fig
4. These theoretical modules jointly constitute a complete theoretical framework for satellite multi-
battery management.

The design of constraint-aware projection operators constitutes the key to guaranteeing safe system
operation. The feasible policy space for satellite multi-battery systems is defined as:

Πsatellite =

m⋂
i=1

Πi (16)

We propose exploration degree-modulated adaptive projection mechanisms:
PE [x] = (1− E)Pstrict[x] + EPrelaxed[x] (17)

When exploration degree is low, the system employs strict projection ensuring policies strictly sat-
isfy all constraints; as exploration degree increases, relaxed projection allows limited exploration
near constraint boundaries. Satellite environment specialization theory extensions are manifested
in orbital periodicity modeling, extreme environment robustness, and distributed learning consis-
tency. The 90-minute periodicity of satellite operations can be represented using Fourier series,
enabling algorithms to naturally capture and utilize periodic patterns. Robustness measures ensure
policies maintain acceptable performance under worst-case scenarios including drastic temperature
changes, radiation intensity fluctuations, and attitude control errors. Distributed learning consistency
addresses multi-satellite coordination scenarios, guaranteeing convergence to globally consistent so-
lutions under connected communication topology conditions.
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4.5 THEORETICAL PROPERTIES AND CONVERGENCE ANALYSIS

Based on the theoretical framework, we conduct comprehensive analysis of the theoretical proper-
ties encompassing sample complexity, constraint satisfaction guarantees, and asymptotic optimality.
Sample complexity analysis reveals that under standard assumptions, the algorithm’s sample com-
plexity is:

O
(
|S||A| log(1/δ)
(1− γ)4ϵ2

·
(
1 +

Var[E ]
E[E ]2

))
(18)

Probabilistic guarantees of constraint satisfaction possess a lower bound:
P(constraint satisfaction) ≥ 1− δsafety · exp(−κ(1− E)) (19)

When exploration degree is low, the system automatically provides higher safety guarantees; as
exploration degree increases, constraint satisfaction probability decreases somewhat but remains
within acceptable ranges. Asymptotic optimality guarantees that exploration degree-guided policies
asymptotically converge to optimal policies under constraint conditions:

lim
N→∞

J(πN ) = J(π∗) (20)

Comprehensively, this theoretical framework provides complete mathematical foundations for learn-
ing satellite multi-battery management policies from mixed-quality data. Exploration degree-guided
mechanisms address the core challenge of unknown data quality whilst providing adaptive adjust-
ment capabilities. Constraint-aware projection and environment specialization extensions ensure
algorithmic safety and robustness in actual deployment.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP AND SIMULATION PLATFORM

To validate the effectiveness of the proposed exploration degree-guided learning framework in satel-
lite multi-battery systems, we constructed a high-fidelity satellite simulation platform. This platform
integrates orbital dynamics models, thermodynamic models, electrochemical models, and radiation
environment models, enabling realistic simulation of satellite operational states in space environ-
ments. The simulation considers the actual environmental characteristics of satellite orbital oper-
ations with 90-minute orbital periods, requiring the battery system to frequently switch operating
modes between sunlit and eclipse phases, with temperatures fluctuating dramatically between -40°C
and +60°C. Power requirements vary with orbital position: in sunlit regions, battery burden is rel-
atively light due to solar panel power supply, whilst eclipse regions rely entirely on battery power.
Considering the difficulties of data acquisition and quality variations in real satellite operations, we
constructed four datasets of different quality levels with expert data ratios ranging from 0% to 100%,
each containing 400k time-step transition samples covering approximately 280 complete orbital cy-
cles.

All metrics are calculated based on 3600 seconds (4 complete orbital cycles) of simulation time, with
experiments repeated 10 times to obtain average values and standard deviations. Power tracking
accuracy evaluates the system’s ability to satisfy power requirements:

ηtracking =

1−

√
1

T

∫ T

0

(
Poutput(t)− Pdemand(t)

Pdemand(t)

)2

dt

× 100% (21)

Energy efficiency is measured through the ratio of useful energy output to total consumed energy:

ηenergy =

∫ T

0
Puseful(t)dt∫ T

0
Ptotal(t)dt

× 100% (22)

Data quality robustness evaluation measures algorithm sensitivity to data quality variations through
coefficient of variation:

CV =
σ

µ
× 100% (23)

where σ represents the standard deviation of a performance metric across four different quality
datasets, and µ represents the mean of that metric across the four datasets. Smaller coefficient of
variation indicates lower algorithm sensitivity to data quality changes and stronger robustness.

7
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5.2 EXPERIMENTAL RESULTS

The experimental results demonstrate the comprehensive performance of our method across multiple
evaluation metrics. Table 1 present detailed comparisons of all algorithms across four datasets for
power tracking accuracy and energy efficiency performance.

Table 1: Comprehensive Performance Comparison Across Core Metrics
Power Tracking Accuracy (%)

Algorithm D1 Dataset D2 Dataset D3 Dataset D4 Dataset Average Accuracy

Our Method 90.7±1.4 89.2±1.8 85.3±2.6 76.8±3.8 85.5±2.4
PPO 91.2±1.3 87.8±2.1 81.4±3.2 72.5±4.3 83.2±2.7
TD3 90.9±1.5 87.4±2.4 80.9±3.4 71.8±4.6 82.8±3.0
SAC 91.0±1.4 88.1±2.2 81.7±3.1 73.2±4.1 83.5±2.7
BC 89.8±1.7 84.3±2.5 75.2±3.8 Convergence Failed 83.1±2.7
CQL 90.3±1.6 87.6±2.3 82.9±2.9 74.6±3.4 83.9±2.6

Energy Efficiency (%)
Algorithm D1 Dataset D2 Dataset D3 Dataset D4 Dataset Average Efficiency

Our Method 82.4±1.7 81.8±2.1 79.2±2.8 75.1±3.6 79.6±2.6
PPO 83.1±1.5 80.9±2.2 76.8±3.4 71.2±4.2 78.0±2.8
TD3 82.8±1.8 80.4±2.4 76.1±3.6 70.8±4.5 77.5±3.1
SAC 83.0±1.6 81.2±2.3 77.3±3.2 72.6±4.0 78.5±2.8
BC 81.7±2.0 79.3±2.7 72.8±4.1 Convergence Failed 77.9±2.9
CQL 82.1±1.9 80.8±2.5 78.1±3.0 74.3±3.8 78.8±2.8

Power tracking performance directly reflects the system’s ability to satisfy satellite load require-
ments. Experimental results demonstrate that on high-quality dataset D1, traditional online re-
inforcement learning methods perform slightly better than our method, which meets expectations
since sufficient exploration under ideal data conditions can yield superior performance. However, as
data quality deteriorates, our method’s exploration degree-guided mechanism begins to take effect.
On datasets D2 and D3, our method achieves tracking accuracies of 89.2% and 85.3% respectively,
improving over the best baseline methods by approximately 1.4% and 3.6%. On the extreme D4
dataset, our method still maintains 76.8% tracking accuracy, representing approximately 4.3% im-
provement over traditional methods. In terms of energy efficiency, our method maintains relatively
stable performance as data quality decreases. On datasets D3 and D4, our method achieves efficien-
cies of 79.2% and 75.1% respectively, improving over the best baseline methods by approximately
1.9% and 2.5%. This progressive performance advantage reflects the effectiveness of exploration
degree-guided mechanisms in handling data uncertainty.

Table 2: Performance Metric Coefficient of Variation Comparison (%)
Algorithm Power Tracking Accuracy Energy Efficiency

Our Method 7.8 4.6
PPO 9.2 6.1
TD3 9.5 6.4
SAC 8.7 5.8
BC 8.9 5.9
CQL 8.3 5.2

To evaluate algorithm sensitivity to data quality variations, we analysed the degree of variation in
performance metrics across different datasets as shown in Table 2. Coefficient of variation analysis
demonstrates that our method exhibits the best data quality robustness across all performance met-
rics. The coefficient of variation for power tracking accuracy is 7.8%, representing approximately
0.9% improvement over the best baseline method. The coefficient of variation for energy efficiency
is 4.6%, representing approximately 0.6% improvement over the best baseline method. Whilst these
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improvement margins are moderate, they possess important practical value in aerospace applica-
tions.

6 DISCUSSION

Experimental results demonstrate that our proposed exploration degree-guided adaptive learning
framework exhibits encouraging performance in satellite multi-battery management tasks, particu-
larly demonstrating robustness advantages under mixed-quality data environments. The framework
achieves performance improvements of 3.6% and 2.5% in power tracking accuracy and energy effi-
ciency metrics respectively on challenging datasets. More importantly, the coefficients of variation
for performance metrics are significantly reduced, proving the algorithm’s strong adaptability to data
quality variations.

The fundamental reason for our framework’s effectiveness lies in the cognitive transformation of
traditional reinforcement learning paradigms. Traditional methods treat all data equally, whilst our
exploration degree mechanism achieves intelligent identification and dynamic utilization of data
value. When system understanding of the environment is limited, the exploration degree-guided
mechanism prompts the algorithm to rely more heavily on reliable patterns in historical experience;
as system understanding deepens, increasing exploration degree gradually weakens dependence on
historical data, instead guiding policy exploration through discriminator regularization. This adap-
tive mechanism avoids the limitations of fixed weight design, enabling learning processes to intelli-
gently balance conservatism and exploration according to current cognitive states.

The profound significance of this adaptive mechanism lies in its breakthrough contribution to
decision-making problems under incomplete information environments. Our exploration degree-
guided framework fundamentally redefines this challenge by quantifying system cognitive uncer-
tainty, transforming information deficiency from an obstacle into an intelligently manageable sys-
tem characteristic. This paradigmatic shift establishes a dynamic bridge between system ”self-
knowledge” and ”decision-making”—the more systems understand their cognitive limitations, the
wiser decisions they can make. From an industrial application perspective, this framework directly
addresses core technical challenges in aerospace engineering, providing direct application value for
missions including unmanned deep space exploration, commercial satellite constellation manage-
ment, and long-term space station operations.

Future research will focus on constructing more intelligent multi-objective balancing frameworks,
reformulating the regularization terms as multi-objective optimization problems whilst strictly mod-
eling physical constraints as hard constraint conditions. Additionally, further refinement of ex-
ploration degree quantification systems, particularly extensions in multi-time-scale and multi-agent
environments, will establish more solid theoretical foundations for constructing intelligent systems
with genuine cognitive adaptive capabilities.

7 CONCLUSION

This research addresses the intelligent management challenges of satellite multi-battery systems in
data-scarce environments, innovatively proposing an exploration degree-guided adaptive learning
framework. This framework achieves the goal of intelligently extracting valuable information from
mixed-quality data by quantifying the system’s ”degree of understanding” of the environment. Core
contributions include: constructing an exploration degree measurement system that unifiedly guides
data utilization, constraint adjustment, and exploration decisions; designing a mixed regulariza-
tion variational learning framework that integrates behavioural cloning, discriminator regularization,
and physics constraint regularization; developing an exploration-aware Actor-Critic algorithm that
deeply integrates exploration degree mechanisms into policy learning components. Experimental
results demonstrate that the proposed method significantly outperforms baseline methods in satellite
multi-battery management tasks.
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