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Abstract

The discrete element method (DEM) is widely used to simulate concrete failure, but cal-
ibrating its mesoscopic dynamic parameters is computationally expensive due to the
high-dimensional parameter space. This study proposes a physics-informed active learning
framework to autonomously calibrate these parameters under impact loads. An FDM-
DEM coupled split Hopkinson pressure bar model is established to simulate macroscopic
dynamic compressive responses. Subsequently, a Plackett–Burman experimental design
reduces the parameter optimization space from 16 to 8 core dimensions. A multi-layer per-
ceptron surrogate model is then constructed. By comparing two heuristic active sampling
strategies, results indicate that a parameter priority-guided strategy incorporating physical
priors significantly outperforms a mid-value exploration strategy. The proposed approach
achieves coefficients of determination exceeding 0.9 for predicting multiple macroscopic
dynamic indicators on an independent testing set. Building upon this forward mapping,
a robust inverse parameter prediction mechanism is established, achieving a closed-loop
reconstruction of 0.8662. This framework provides a reliable, data-efficient, and automated
pathway for calibrating complex multiphase particulate systems.

Keywords: DEM; multiphase concrete; parameter calibration; active learning

1. Introduction
Concrete is widely used in various applications, including nuclear power plants,

bridges, and high-rise buildings. The damage behavior of it under strong dynamic loads,
including explosions, impacts, and high-frequency earthquakes, is critical for enhancing
structural resilience and mitigating risks.

The discrete element method (DEM) has extensive applications in examining the
dynamic behavior of concrete owing to its ability to simulate its failure processes [1–3].
However, concrete is a heterogeneous composite material with rate-dependent behavior,
resulting in increased dynamic strength at higher loading rates [4]. Only by establishing an
accurate geometric model that captures the nature of concrete as a heterogeneous composite
material and carefully selecting DEM contact models and parameters can accurate and
meaningful simulation results be obtained. Therefore, the efficient selection of appropriate
DEM models and parameters to accurately reflect the bulk dynamic behavior of concrete
remains an ongoing challenge.
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In the investigation of concrete dynamic behavior using DEM, the bonded particle
model (BPM) is the most widely used [5,6]. However, the BPM has various parameters,
and most scholars calibrate them through the traditional trial-and-error method [1–3]. The
trial-and-error method is an iterative process in which DEM micro-parameters are man-
ually refined until the simulated macroscopic responses converge with the experimental
results [7,8]. Although easily understood, the trial-and-error approach is cumbersome and
lacks scientific rigor. Its computational and labor costs, driven by the high-dimensional pa-
rameter space and expensive simulations, severely compromise calibration accuracy. This
limitation is particularly acute for concrete’s dynamic behavior. Some quasi-static experi-
ments, such as biaxial, triaxial, and Brazilian splitting tests, are used to calibrate the dynamic
DEM parameters [9–12], but these methods cannot accurately determine particle-scale dy-
namic parameters for concrete under dynamic loading. Although some scholars have
employed inverse methods to establish correlations between dynamic macro-properties
and micro-parameters [13], the process is often cumbersome, frequently requiring multiple
software packages, thereby posing a significant barrier for many DEM users.

Given the challenges associated with both trial-and-error and inverse methods, the
Design of Experiments (DoE), such as Taguchi methods, Plackett–Burman (PB), and Central
Composite Design (CCD) [14,15], has emerged in recent years as a structured framework
for calibrating DEM parameters. By establishing a quantitative micro-macro relationship,
this method transforms parameter calibration into a mathematical optimization problem,
thereby dramatically reducing the required time. However, the applicability of DoE is
constrained by several inherent limitations. The correlations derived through DoE are
model-specific and only valid within pre-defined parameter ranges, with deviations po-
tentially leading to significant inaccuracies [16]. Moreover, the method shows limited
proficiency in handling non-linear problems [17], and its performance further declines in
systems with strong variable interactions or high structural complexity. The challenge of
high-dimensional parameter spaces to DoE effectiveness becomes especially pronounced in
the calibration of concrete numerical models, which involve distinct material phases [16,18].

Building on this foundation, deep learning and intelligent algorithms have advanced
rapidly, offering new paradigms for mechanical parameter identification and structural
analysis. In the context of DEM calibration, machine learning techniques, including Artifi-
cial Neural Networks (ANN) [19], Radial Basis Function Neural Networks (RBFNN) [20,21],
and Random Forests (RF) [22], have been increasingly employed to bypass explicit theoreti-
cal formulations by learning directly from numerical data. Beyond traditional predictive
modeling, the deep integration of intelligent algorithms with structural mechanics has
shown tremendous potential. For instance, Wang et al. [23] recently proposed a struc-
tural performance warning framework based on computer-intelligent monitoring and
fractional-order multi-rate Kalman fusion, representing a typical paradigm of utilizing
data-driven methods for structural performance assessment. Furthermore, to address the
computational burden of generating massive datasets, recent studies have emphasized
the importance of data quality and complexity optimization. Research has demonstrated
that reducing dataset Kolmogorov complexity, which essentially means minimizing the
shortest algorithmic program required to produce the output, can lead to rapid accuracy
gains in predictive models, even with constrained dataset sizes [24,25]. Despite these
advancements, purely data-driven methods for DEM calibration generally suffer from
a strong dependence on massive, high-quality training data and often lack underlying
physical interpretability. These limitations collectively highlight a critical research gap in
developing reliable, data-efficient, and physically constrained calibration frameworks for
complex multiphase particulate systems, particularly for the high-dimensional DEM model
of concrete.
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To address this challenge, this study employs active learning (AL) [26,27], a data-
efficient technique widely applied across scientific domains, to carefully calibrate the
particle-scale dynamic parameters of the different phases in the concrete numerical model.
Active learning iteratively selects the most informative samples to query for labeling [28,29].
Unlike traditional passive learning methods that operate on fixed, pre-collected datasets,
this framework enables the model to autonomously detect regions of high uncertainty
within the data and strategically query additional labels to resolve these ambiguities.
By focusing on the most informative instances, the technique diminishes the reliance on
extensive datasets that often incorporate substantial redundant or non-informative samples.

This study proposes a highly efficient, physics-informed active learning framework
to autonomously calibrate the high-dimensional mesoscopic dynamic parameters of a
multiphase concrete model. Specifically, an FDM-DEM coupled numerical approach is
initially established to accurately simulate the macroscopic dynamic compressive responses
of concrete under various impact strain rates. To overcome the computational bottleneck
caused by the high-dimensional parameter space, a Plackett–Burman experimental de-
sign is utilized to screen and isolate the most influential mesoscopic contact parameters.
Subsequently, an enhanced multi-layer perceptron is constructed as a surrogate model to
approximate the complex non-linear mappings. By systematically integrating and com-
paring two distinct heuristic exploration strategies—a parameter priority-guided strategy
and a mid-value specific exploration strategy—the active learning framework intelligently
queries the most informative parameter combinations for high-fidelity physical simulation.
The performance of these strategies is rigorously evaluated by tracking the dual conver-
gence trajectories of training and validation errors, as well as the ultimate predictive fidelity
on testing datasets. Ultimately, based on the optimal forward mapping foundation, a robust
inverse prediction mechanism is established, enabling the direct and precise derivation of
mesoscopic parameters from targeted macroscopic dynamic responses.

2. Methodologies
In the DEM, establishing a robust numerical model for concrete is essential for the

careful calibration of particle-scale parameters. Since concrete is typically regarded as a
three-phase composite material at the meso-scale, consisting of cement mortar, coarse aggre-
gate, and the interfacial transition zone (ITZ) between them, the accuracy of the numerical
model highly depends on two critical aspects: the realistic geometric representation of the
aggregate and the appropriate selection of contact models for the different phases [2,30].
Only by constructing an accurate geometric model that reflects the meso-structure of con-
crete, combined with carefully chosen contact models and properly calibrated parameters,
can meaningful and reliable simulation results be achieved. Therefore, this section primar-
ily addresses the selection of the DEM contact models and the development of the concrete
and SHPB numerical models.

2.1. The Parallel Bond Model of DEM

This study employs the parallel bond model (PBM) [11] to simulate the mechanical
behavior of a cement-like material that binds particles together. This choice is justified due
to the model’s well-established calibration procedures, relatively low computational cost,
and its broad validation in reproducing the macroscopic mechanical response of rock mate-
rials [11]. The PBM represents this material as a finite-sized elastic bond that transmits both
force and moment between particles. Its formulation combines a linear elastic, tensionless
interface with a frictional interface. For more details, the mechanical equations governing
the forces and displacements of particles and cements can be referred to [11].
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The mechanical behavior of the PBM assembly, illustrated in Figure 1, is governed by
two distinct parameter sets for the particles and the cement-like material, respectively. The
particle parameters include the Young’s modulus Ec, the shear-to-normal stiffness ratio
ks/kn, and the friction coefficient µ. The cement parameters comprise the Young’s modulus
Ec, the shear-to-normal stiffness ratio ks/kn, the radius multiplier λ, the tensile strength σc,
and the shear strength τc.

Figure 1. Microstructure of the parallel bonded model.

2.2. Construction of a Three-Phase Mesoscale Model for Concrete

The DEM models concrete as a three-phase meso-structure comprising cement mortar,
coarse aggregate, and the ITZ. Accurately simulating the morphology and distribution of
aggregates is crucial for mesoscale concrete models, as it essentially determines ITZ proper-
ties, such as location and shape, constituting a pivotal challenge in numerical modeling. In
this work, to ensure consistency with real-world engineering conditions, the 3D aggregates
were modeled as a convex polyhedron with a volume fraction of 40%. The large, medium,
and small aggregates have particle sizes of 10.0~15.0 mm, 7.5~10.0 mm, and 5.0~7.5 mm,
respectively. Their gradation followed a ratio of 4:3:3, conforming to the Fuller gradation
curve [31], as follows:

P =

√
D

Dmax
(1)

where D is the preset aggregate diameter, P is the mass percentage of aggregates passing a
sieve diameter D, and Dmax is the maximum aggregate size.

A parametric modeling approach, based on the Monte Carlo method, is implemented
via an in-house code to generate random aggregates within a specified domain. The proce-
dure consisted of the following steps: (1) defining the placement region; (2) determining the
centroid coordinates of the aggregates and calculating their quantity; (3) placing aggregates
and checking for overlaps, followed by the removal of any that violated the non-overlap
criterion; and (4) repeating step (3) until the target volume fraction is achieved. The model
is configured as a cylinder with dimensions of 120 mm in base diameter and 100 mm in
height, resulting in the aggregate distribution shown in Figure 2.
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Figure 2. Distribution of random aggregates. (a) Axonometric View (b) Front View (c) Side View.

Within the cylindrical boundary of the geometric model, particles with radii uniformly
distributed between 0.9 mm and 1.62 mm are randomly generated. They are classified as
either aggregate or cement mortar particles based on whether their centers lie inside or
outside the predefined aggregate volumes. The inter-particle contact is modeled using
a linear parallel bond model. Different meso-parameters are assigned to three distinct
contact types: aggregate–aggregate (aggregate bond), mortar–mortar (mortar bond), and
aggregate–mortar (ITZ bond) contacts. The established mesoscopic particle model is shown
in Figure 3.

Figure 3. Cross-sectional view of the mesoscopic concrete model. (a) Particle diagram (b) bond diagram.

2.3. Establishment of the SHPB Device Through the FDM-DEM Coupled Method

As shown in Figure 4, a schematic of the large-diameter SHPB apparatus is used for
dynamic compression tests. The system primarily consists of a loading subsystem (gas
chamber, launcher, and striker), a stress transmission subsystem (incident and transmitted
bars, along with a shock absorber), and a data acquisition subsystem (comprising strain
gauges, an ultra-dynamic strain gauge, an oscilloscope, and a computer). Accordingly,
a corresponding SHPB numerical model, constructed by coupling the Finite Difference
Method and Discrete Element Method (FDM-DEM), is illustrated in Figure 5.
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Figure 4. Schematics of the SHPB system.

Figure 5. The three-dimensional numerical model of the SHPB device and concrete specimen.

The numerical model is constructed to adhere strictly to the geometric dimensions of
the physical SHPB bars and specimen. In this coupled setup, the incident and transmitted
bars are modeled as FDM zone elements, while the concrete specimen is represented via
DEM. A wall–zone coupling interface at their contacts facilitates the transfer of forces
and displacements.

To simplify the model, the striker’s launch is not explicitly simulated. Instead, a
physically measured incident stress wave from the SHPB test is directly applied as the force
boundary condition at the free end of the incident bar. This approach ensures that wave
propagation, including reflection and transmission at interfaces, is driven by a realistic
input, thereby enhancing the reliability. A portion of the incident pulse reflects at the
bar-specimen interface, while the remainder propagates into the specimen. Pulses are
monitored at the midpoint of each bar.

3. A Data-Driven Model for Predicting Dynamic Bonded Parameters of a
Three-Phase Mesoscale Model
3.1. Identification of Significant Input Parameters

Section 2.2 presents a three-phase mesoscale concrete model. As calibration involves
multiple parameters and dynamic compressive strength serves as the response variable, a
screening technique is essential to identify the parameters that most significantly influence
this mechanical property, which is critical for accurately calibrating the model’s dynamic
parameters. Based on standard bonded particle model practices for multiphase compos-
ite materials, an initial comprehensive set of sixteen candidate parameters is defined,
encompassing the stiffness and strength components of the aggregate, mortar, and ITZ
contacts. For this purpose, the Plackett–Burman fractional factorial design is selected for
this task. Requiring only a limited number of experimental runs, this screening approach
efficiently isolates the key parameters from the candidate pool by exclusively estimating
their main effects [32]. Although this design with 20 runs cannot capture complex parame-
ter interactions, it is utilized here strictly as a preliminary screening tool. Given the high
computational cost of 3D dynamic simulations, this represents a necessary compromise to
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isolate the primary drivers. The subsequent multi-layer perceptron is specifically tasked
with capturing the non-linear interactions among the remaining core parameters.

Within this modeling framework, the candidate parameters pertain to three interfacial
contact types: aggregate-bond, mortar-bond, and ITZ-bond. The specific parameters and
their feasible ranges, derived from established literature [1,3,9,33,34], are compiled in
Table 1.

Table 1. Discrete element parameter level.

Parameter Unit Code Low Level
(−1)

High Level
(+1)

Aggregate-bond
EC GPa A 10 50

ks/kn - B 1.3 1.9
EC GPa C 20 60

ks/kn - D 1.3 1.9
σc MPa E 30 60
τc MPa F 30 60

Mortar-bond
EC GPa G 5 25

ks/kn - H 1.3 1.9
EC GPa I 10 30

ks/kn - J 1.3 1.9
σc MPa K 15 30
τc MPa L 15 30

ITZ-bond
EC GPa M 3 15

ks/kn - N 1.3 1.9
σc MPa O 10 20
τc MPa P 10 20

To evaluate the main effects of these 16 parameters, a Plackett–Burman (PB) exper-
imental design matrix is constructed. Given that the PB design requires the number of
runs to be a multiple of 4, a total of 20 independent FDM-DEM coupled dynamic impact
simulations are systematically executed. In each simulation run, the candidate parameters
are configured to either their predetermined high (+1) or low (−1) levels. The macroscopic
peak compressive strength of the specimen under a specific dynamic strain rate of 85 s−1

is extracted and recorded as the key response variable for the sensitivity analysis. It is
important to clarify that while the final active learning training and model verification
incorporate dynamic response data from three distinct strain rates (40 s−1, 85 s−1, and
130 s−1), the preliminary Plackett–Burman screening is intentionally conducted solely at
the intermediate rate of 85 s−1. Because these three conditions all belong to the medium to
high velocity impact regime, selecting the intermediate strain rate effectively represents the
overall dynamic properties of the parameters. This strategic choice actively prevents the
dimensional explosion that would occur if screening was performed across multiple rates
simultaneously, thereby ensuring a rapid, accurate, and highly efficient isolation of the
critical parameters for the subsequent machine learning phase. The detailed experimental
design matrix, along with the corresponding simulation results and calculated contribution
rates, is presented in Table 2.
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Table 2. Simulation run details in the Plackett–Burman test.

Run No. A B C D E F G H I J K L M N O P
Dynamic
Strength

(MPa)

1 1 1 1 −1 1 1 −1 1 −1 1 −1 −1 −1 −1 1 1 98.16
2 1 1 −1 1 1 −1 1 −1 1 −1 −1 −1 −1 1 1 1 86.43
3 1 −1 1 1 −1 1 −1 1 −1 −1 −1 −1 1 1 1 1 84.82
4 −1 1 1 −1 1 −1 1 −1 −1 −1 −1 1 1 1 1 1 136.45
5 1 1 −1 1 −1 1 −1 −1 −1 −1 1 1 1 1 1 −1 132.68
6 1 −1 1 −1 1 −1 −1 −1 −1 1 1 1 1 1 −1 1 134.79
7 −1 1 −1 1 −1 −1 −1 −1 1 1 1 1 1 −1 1 1 136.48
8 1 −1 −1 −1 −1 −1 −1 1 1 1 1 1 −1 1 1 1 138.68
9 −1 −1 −1 −1 −1 −1 1 1 1 1 1 −1 1 1 1 1 97.31
10 −1 −1 −1 −1 −1 1 1 1 1 1 −1 1 1 1 1 −1 103.82
11 −1 −1 −1 −1 1 1 1 1 1 −1 1 1 1 1 −1 1 125.46
12 −1 −1 −1 1 1 1 1 1 −1 1 1 1 1 −1 1 −1 171.18
13 −1 −1 1 1 1 1 1 −1 1 1 1 1 −1 1 −1 1 127.61
14 −1 1 1 1 1 1 −1 1 1 1 1 −1 1 −1 1 −1 85.52
15 1 1 1 1 1 −1 1 1 1 1 −1 1 −1 1 −1 1 114.68
16 1 1 1 1 −1 1 1 1 1 −1 1 −1 1 −1 1 −1 82.94
17 1 1 1 −1 1 1 1 1 −1 1 −1 1 −1 1 −1 1 142.65
18 1 1 −1 1 1 1 1 −1 1 −1 1 −1 1 −1 1 −1 81.75
19 1 −1 1 1 1 1 −1 1 −1 1 −1 1 −1 1 −1 1 127.41
20 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1 −1 81.68

Contribution
(%) 2.32 1.38 0.32 2.56 8.45 6.47 3.69 6.71 1.01 9.75 5.00 13.09 6.74 11.95 8.62 11.91

Following the completion of the 20 simulation runs, the main effect of each micro-
parameter and its relative contribution to the macroscopic response are quantitatively
assessed. To visualize the relative significance of these 16 microscopic parameters and facil-
itate the screening process, a Pareto chart of factor sensitivity is constructed, as illustrated
in Figure 6.

Figure 6. Pareto chart of factor sensitivity illustrating the main effect contributions and cumulative
percentage.

The Pareto chart graphically ranks the parameters in descending order of their in-
dividual main effect contributions, accompanied by a cumulative percentage curve. As
shown in the figure, the parameter space exhibits a strong Pareto principle, where a subset
of variables dictates the majority of the macroscopic dynamic response. The relative contri-
bution intuitively reflects the average variation in the macroscopic dynamic compressive
strength when a specific parameter shifts from its low to high level. To effectively eliminate
the computational interference of low-sensitivity dimensions and isolate the variables
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dominating the dynamic response, a preliminary screening threshold of a 5% main effect
contribution is established.

Based on this visual and statistical analysis, the top ten parameters (from L to K in
Figure 6) all meet or exceed this 5% threshold, cumulatively accounting for approximately
88% of the total systemic variance. However, because the cement mortar matrix constitutes
the largest volume fraction within the multiphase concrete composite, its corresponding
stiffness ratio (Parameter H, contribution 6.71%) and bond stiffness ratio (Parameter J,
contribution 9.75%) overwhelmingly govern the macroscopic static elastic deformation
characteristics, such as the static Young’s modulus and Poisson’s ratio. Since the primary
objective of this study focuses specifically on calibrating the dynamic compressive strength
under impact loading, these two elastic parameters are excluded from the dynamic active
learning calibration loop. To effectively reduce the dimensionality of the optimization
space, they are instead pre-calibrated via standard quasi-static compression simulations
and subsequently kept constant.

Consequently, after excluding parameters H and J, eight core micro-parameters that
definitively control the dynamic peak strength at 85 s−1 are identified. Ranked by their
relative significance, the most influential factor is the mortar microscopic shear strength
(Parameter L), which contributes 13.09% to the main effect. This is closely followed by the
ITZ bond stiffness ratio (Parameter N) and the ITZ microscopic shear strength (Parameter
P), demonstrating contributions of 11.95% and 11.91%, respectively. The subsequent
critical parameters include the ITZ microscopic tensile strength (Parameter O) at 8.62%,
the aggregate microscopic tensile strength (Parameter E) at 8.45%, the ITZ effective bond
modulus (Parameter M) at 6.74%, and the aggregate microscopic shear strength (Parameter
F) at 6.47%. Finally, the mortar microscopic tensile strength (Parameter K) serves as the last
selected parameter with a 5.00% contribution.

The prominence of the four ITZ parameters (N, P, O, M) among the top contributors
aligns perfectly with the physical failure mechanisms of concrete under dynamic loading.
The ITZ inherently acts as the weakest link within the multiphase composite. Due to its
relative structural weakness, the ITZ serves as the primary site for stress concentration.
Consequently, macroscopic failure typically originates here, with microcracks preferentially
initiating and propagating along these interfacial boundaries, making the ITZ properties
disproportionately affect the overall macroscopic peak strength of the material. From a
physical perspective, the ITZ bond stiffness ratio (Parameter N) and the effective bond
modulus (Parameter M) fundamentally govern the local stress concentration and acoustic
impedance mismatch during stress wave propagation. A severe impedance mismatch
at the interface between aggregate and mortar accelerates localized damage. Concur-
rently, the ITZ microscopic shear strength (Parameter P) and tensile strength (Parameter
O) directly dictate the threshold for microcrack initiation. Under high strain rate impact,
the rapid accumulation and coalescence of these interfacial microcracks dominate the
macroscopic dynamic failure envelope. Therefore, capturing the precise non-linear com-
binations of these four ITZ parameters is critical for accurately reproducing the dynamic
compressive strength.

These eight critical micro-parameters are subsequently extracted to construct the
reduced-dimensional parameter space for the data-driven active learning surrogate model
and intelligent dynamic calibration. The remaining eight parameters (A, B, C, D, G, H, I,
J), which predominantly govern the macroscopic static elastic deformation characteristics,
were rigorously pre-calibrated utilizing a hybrid analytical and computational framework
based on strain energy conservation principles [35–37]. Instead of relying on traditional
iterative trial and error or empirical assignments, this advanced methodology establishes
a direct theoretical correlation between the mesoscopic contact stiffnesses and the macro-
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scopic elastic properties, specifically the static elastic modulus and Poisson’s ratio. By
equating the strain energy at the particle scale to that at the continuum scale, we analyt-
ically mapped and determined the exact values for these static parameters. Employing
this rigorous mathematical framework ensured that the static mechanical behavior of the
concrete specimen was accurately captured, achieving a matching error strictly below
3% against the experimental static targets. Since their cumulative contribution to dy-
namic strength variance is minimal, fixing these statically calibrated parameters during the
subsequent dynamic simulations introduces negligible prediction error while drastically
reducing optimization dimensionality. This strategy, which deeply integrates statistical
sensitivity quantification with physical mechanism constraints, successfully reduces the
high-dimensional parameter space from 16 to 8 dimensions, thereby establishing a solid
foundation for efficient parameter inversion based on active learning.

3.2. Dataset Preparation and Preprocessing

To initialize the data-driven active learning framework, the mathematical structure of
the machine learning task must be explicitly defined. The input feature vector, denoted as
x, is strictly constructed using the eight core mesoscopic parameters successfully isolated
through the Plackett–Burman sensitivity analysis. This high-dimensional feature vector is
mathematically expressed as:

x = (x1, x2, x3, x4, x5, x6, x7, x8) = (E, F, K, L, M, N, O, P) (2)

where the individual vector components correspond sequentially to the aggregate micro-
scopic tensile strength, aggregate microscopic shear strength, mortar microscopic tensile
strength, mortar microscopic shear strength, ITZ effective bond modulus, ITZ bond stiffness
ratio, ITZ microscopic tensile strength, and ITZ microscopic shear strength. Conversely,
to comprehensively capture the complex strain-rate dependency and failure behavior of
the concrete composite, the output response vector, denoted as y, is explicitly defined to
comprise six key macroscopic dynamic mechanical indicators extracted from the physical
simulations. This specific multi-dimensional response vector is formulated as:

y = (y1, y2, y3, y4, y5, y6) = (ε1, σ1, ε2, σ2, ε2, σ2) (3)

Consequently, the primary objective of the entire active calibration framework is to
establish a robust nonlinear mapping relationship f : R8 → R6 that accurately connects
the mesoscopic input vector x to the macroscopic dynamic response vector y.

With the fundamental input–output structure defined, a comprehensive and repre-
sentative database of matched data pairs is fundamentally required. Instead of relying on
conventional random sampling, Latin Hypercube Sampling (LHS) is employed to care-
fully construct the initial parameter pool. LHS serves as an advanced stratified sampling
technique that ensures a near-random yet highly uniform distribution of parameter combi-
nations across the multi-dimensional design space. By dividing the feasible range of each of
the eight core mesoscopic parameters into equal-probability intervals, LHS guarantees that
the entire complex parameter space is efficiently explored without generating excessive
computational redundancy. This generated pool effectively serves as the primary candi-
date database from which the active learning algorithm subsequently queries the most
informative samples for physical FDM-DEM dynamic impact simulations.

Before actual network training, rigorous data preprocessing must be systematically
executed on the generated database. The eight identified micro-parameters, such as the
effective bond modulus and microscopic shear strength, possess vastly different physical
units and numerical scales. If these raw values are directly utilized, the gradient descent
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process during network optimization becomes disproportionately dominated by the pa-
rameters with larger absolute magnitudes, inevitably leading to severe training instability,
sluggish convergence, and suboptimal predictive performance. To effectively mitigate this
numerical discrepancy, a Min-Max normalization procedure is applied to linearly scale
all input features into a standardized dimensionless interval ranging from 0 to 1. The
normalization process for any arbitrary parameter x is mathematically expressed as:

xnorm =
x − xmin

xmax − xmin
(4)

where xmin and xmax denote the predetermined lower and upper boundaries of that param-
eter’s specific feasible range, respectively, and xnorm represents the resulting scaled value.
This essential normalization step mathematically guarantees that the subsequent surrogate
model evaluates every parameter dimension equitably, significantly reducing the condition
number of the input feature matrix and substantially improving the overall generalization
stability of the data-driven framework.

3.3. Construction of the Data-Driven Prediction Model

To efficiently establish the complex non-linear mapping between the mesoscopic pa-
rameters and the macroscopic dynamic response, a surrogate model based on a multi-layer
perceptron is developed. The constructed multi-layer perceptron is a fully connected
feedforward artificial neural network highly capable of approximating intricate multi-
dimensional data relationships without requiring explicit mathematical formulations. The
network topology is explicitly designed to match the dimensionality of the dynamic calibra-
tion task. Specifically, the input layer consists of exactly eight neurons, which correspond
directly to the eight core micro-parameters identified in the previous sensitivity analysis.
Conversely, the output layer is precisely configured to yield six macroscopic predictions
representing the dynamic mechanical indicators under specific impact loading conditions.
Between the precisely defined input and output layers, three hidden layers containing
16, 12, and 8 neurons, respectively, are deployed. These layers progressively extract and
synthesize deep, interacting features from the highly coupled input variables, using the
hyperbolic tangent activation function to robustly capture the severe nonlinear dynam-
ics inherent in multiphase concrete impact interactions. The schematic diagram of the
constructed MLP network topology is illustrated in Figure 7.

Figure 7. Schematic diagram of the multi-layer perceptron surrogate model.
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To fully explore the predictive performance of the proposed surrogate model during
the training process and to ensure the accuracy and reliability of the final calibration results,
the mean squared error and the mean absolute error are adopted as two distinct metrics for
comprehensive assessment. During the model training process, the mean squared error is
selected as the primary loss function. Because this metric exerts a strong penalizing effect
on samples with large errors, it effectively guides the model to converge rapidly in the
early stages and promptly correct substantial prediction deviations. The specific formula
for the mean squared error is mathematically defined as:

MSE =
1
n

n

∑
i=1

(ŷi − yi)
2 (5)

where n denotes the total number of samples, while yi and ŷi represent the true actual
value and the predicted value generated by the model, respectively. To drive the internal
training process based on this loss function, the Adam optimization algorithm is utilized to
iteratively update the network weights and biases. To further enhance training stability and
prevent the potential issue of exploding gradients commonly encountered in deep networks,
a gradient clipping mechanism is effectively incorporated into the backpropagation process,
thereby ensuring robust and mathematically stable calibration.

Conversely, to ensure that the evaluation of the model’s final performance is not overly
dominated by individual outlier samples, and to more intuitively reflect the average degree
of deviation between the predicted values and the true values, the mean absolute error is
selected as the final evaluation metric. The specific formula for the mean absolute error is
defined as:

MAE =
1
n

n

∑
i=1

|ŷi − yi| (6)

While the constructed surrogate model provides robust predictions, traditional pas-
sive machine learning methods still rely heavily on massive static datasets, which remain
computationally prohibitive when each underlying data point necessitates an expensive
dynamic impact simulation. To overcome this fundamental bottleneck, an adaptive hybrid
active sampling framework is seamlessly integrated. This framework iteratively evaluates
vast pools of unlabeled parameter combinations and strategically queries only the most
informative samples for actual physical simulation. To optimize this precise selection
process, a comprehensive acquisition function is defined to evaluate any unlabeled candi-
date sample x. This mathematical framework combines multiple criteria to calculate an
overarching utility score, which is mathematically formulated as:

S(x) = α · Û(x) + β · Ê(x) + γ · D̂(x) (7)

In this equation, Û(x), Ê(x), and D̂(x) represent the normalized prediction uncertainty
score, feature exploration score, and spatial diversity score, respectively. The coefficients
α, β, and γ denote the respective weighting factors. To maintain a stable evaluation base-
line, the uncertainty weight α and the spatial diversity weight γ are fixed at 0.4 and 0.3,
respectively. The heuristic exploration weight β is adaptively adjusted based on the current
cognitive state of the model, specifically utilizing the proportion of mid-value samples in
the labeled dataset as the core regulatory metric. The adaptive mechanism dynamically
restricts β between a minimum of 0.1 and a maximum of 0.4. If the mid-value proportion
falls below 0.3, indicating a severe lack of central exploration, β is proportionally elevated to
prioritize spatial domain expansion. Once this proportion exceeds 0.6, signifying adequate
central coverage, β immediately drops to its minimum value of 0.1 to favor local exploita-
tion. Between these two thresholds, β is smoothly adjusted using linear interpolation.
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This data-driven piecewise mechanism ensures a seamless and mathematically rigorous
transition between global exploration and localized boundary exploitation throughout the
iterative calibration process. This comprehensive acquisition function integrates the predic-
tion uncertainty to identify unknown boundary regions, the spatial diversity to prevent
redundant localized sampling, and the specially designed heuristic exploration term to
actively guide the physical learning trajectory based on structural and geometric priors.

Within this mathematical evaluation context, two distinct heuristic search strategies are
developed to explicitly define the heuristic exploration mechanism Ê(x). The first approach
is a parameter priority-guided strategy, which fundamentally relies on the intrinsic physical
priors of the concrete composite. Instead of treating all parameter dimensions uniformly,
this strategy seamlessly integrates a predefined priority weight vector into the active
sampling distribution. Based on the physical mechanism constraints, the fundamental
mortar matrix parameters are designated the highest priority weight of 1.0, followed by
the aggregate strength parameters assigned a weight of 0.8. The interfacial transition
zone effective modulus is given a moderate weight of 0.6, while the highly localized and
variable microscopic strength parameters of this zone receive the lowest weight of 0.4. By
embedding these predetermined weights into the algorithm, the comprehensive priority-
guided evaluation score EP(x) for a given candidate sample is mathematically calculated
by accumulating the weighted dimensions, expressed as:

EP(x) =
8

∑
i=1

Wi · I(xi) · (1 + Rmid(xi)) (8)

where xi represents the i-th dimensional feature of the candidate sample, and I(xi) serves
as a matching indicator function. In the algorithmic execution, the strategy analyzes the
coverage of feature values in the labeled dataset in real-time, identifying unrepresented
or extremely low-frequency parameter intervals as high-value exploration targets. When
xi successfully hits a high-value target, I(xi) equals 1; otherwise, it is 0. The coefficient
Wi denotes the assigned priority weight for the i-th dimension, corresponding to the
previously established four-tier hierarchy. Furthermore, Rmid(xi) acts as an incorporated
superimposed score reward mechanism. If the hit exploration target precisely falls within
the middle region of the parameter’s value range, an extra numerical reward is granted;
otherwise, it is set to 0. This mechanism effectively forces the surrogate model to prioritize
the exploration of core mesoscopic parameters governing the macroscopic failure modes
within a limited number of physical simulations.

The second approach is a mid-value specific exploration strategy. This alternative is
purposefully designed to counteract the severe boundary-heavy sampling bias typically
introduced by initial factorial screening designs, which predominantly test extreme up-
per and lower parameter limits. To effectively repair the resulting localized information
vacuums and smooth the highly non-linear regression surface within the interior of the
parameter space, this strategy mathematically encourages the active learning algorithm to
target the central regions of the parameter tolerance zones. This strategy does not strictly
require candidate samples to exactly hit the absolute mid-values. Instead, it introduces
the concept of continuous tolerance relaxation, establishing an effective mid-value zone by
setting a relative tolerance boundary. For the i-th feature value xi of a candidate sample, its
degree of closeness C(xi) to the respective feature mid-value µi is explicitly defined as:

C(xi) = max
(

0, 1 − |xi − µi|
Ri · τ

)
(9)
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where Ri represents the absolute range of the i-th feature’s feasible values, and τ denotes the
predefined relative tolerance ratio. This closeness metric is strictly bounded between 0 and
1, where a value of 1 indicates a perfect coincidence with the feature center, while a value of
0 signifies that the candidate sample falls entirely outside the specified tolerance calculation
range. During the execution logic, the system initially conducts a weighted closeness
assessment by combining the proximity of each feature with its corresponding priority
weight to calculate the overall weighted mid-value closeness of the sample. To prevent
the model from over-selecting samples tightly clustered around the absolute center, which
would lead to information redundancy, the algorithm further incorporates an adaptive
diversity penalty mechanism. When selecting sample batches, the system evaluates the
mid-value quality in real-time; if the comprehensive closeness falls below an evaluation
threshold, a stricter diversity distance boundary is enforced, compelling the candidate
sample to maintain a sufficiently large Euclidean distance from already selected samples.
This mechanism effectively repairs sample deficiencies in non-linear interpolation regions
while simultaneously avoiding local overfitting risks through the diversity threshold.
By strategically deploying these intelligent active sampling mechanisms throughout the
calibration process, the surrogate model autonomously and efficiently navigates the high-
dimensional parameter space, iteratively upgrading its overall predictive accuracy while
successfully reducing the total number of expensive physical numerical simulations.

4. Implementation of an Active Learning Approach
Before the official execution of the automatic discrete element parameter calibration

for the multiphase mesoscopic concrete under multi-strain-rate impacts, it is essential to
macroscopically outline the core iterative logic of the constructed active learning frame-
work. While traditional passive machine learning methods depend heavily on massive
static training datasets, active learning fundamentally breaks this dependency paradox
by establishing an intelligent closed-loop data acquisition flow consisting of generation,
evaluation, annotation, and updating. This comprehensive framework maps several key
physical nodes into the computational mechanics context. Specifically, the initial labeled
dataset serves as the prior knowledge, corresponding to the 20 sets of FDM-DEM simula-
tion results (cold-start data) generated via the Plackett–Burman experimental design. The
massive unlabeled candidate pool consists of thousands of unknown parameter combina-
tions generated by discretizing the core 8-dimensional parameter space. The predictive
heart of the system is the machine learning surrogate model, represented by the enhanced
multi-layer perceptron. Finally, the role of the human oracle or annotator in traditional
active learning is perfectly substituted by the high-fidelity, though computationally ex-
pensive, three-dimensional FDM-DEM coupled dynamic impact simulation program. In
terms of specific implementation details, a batch of exactly 4 highly informative parameter
combinations is automatically selected and simulated during each active learning iteration.
To ensure a rigorous and fair controlled experiment between the two distinct heuristic
exploration strategies, the total number of active learning iterations is deliberately fixed
at exactly 20 rounds for both groups. This uniformly constrained computational budget
allows for a direct and objective comparison of their respective learning efficiencies un-
der identical data acquisition limits. Consequently, exactly 80 newly queried physical
simulations are added to the global database for each strategy.

Based on this closed-loop logic, a single active learning iteration proceeds through a
systematic workflow, as visually summarized in Figure 8. First, the multi-layer perceptron
surrogate model performs rapid forward inference on the massive unlabeled pool. By
utilizing the adaptive hybrid sampling mechanism, the model quantitatively evaluates each
candidate combination based on its prediction uncertainty, spatial diversity, and heuristic
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exploration value. Subsequently, the algorithm automatically selects a small subset of
candidate parameters that yield the highest comprehensive information gain—essentially
identifying the data points that most urgently require high-fidelity “expert” annotation.
These high-value parameters are then fed into the high-fidelity FDM-DEM model to execute
actual time-history dynamic impact simulations, thereby acquiring their true macroscopic
dynamic compressive strengths through physical simulation. Finally, these newly acquired
mesoscopic-macroscopic data pairs are added to the labeled dataset, and the multi-layer
perceptron is retrained and updated. This “query-as-you-learn” mechanism ensures that
limited computational resources are strictly concentrated on the most fitting-intensive
non-linear blind spots within the parameter space.

Figure 8. Flowchart of the proposed active learning framework for dynamic parameter calibration.

During the iterative evolution of the active learning process, the dual convergence
trajectories of the underlying training MSE and the validation MAE are monitored, as
illustrated in Figures 9 and 10. For the parameter priority-guided strategy, the training
MSE exhibits a rapid decline from approximately 0.026 to 0.005 in the initial stage. This
indicates that the quadratic amplification mechanism of the MSE effectively penalizes
significant cognitive biases at the initial extreme boundaries, prompting rapid correction
of the network weights. Simultaneously, the MAE of the independent validation set
shows a highly synchronized and smooth downward trend, reaching approximately 0.09
by the fourth batch. This synchronous convergence between internal training error and
external validation error confirms that the high-value physical samples selected by this
strategy successfully mitigate the risk of overfitting in the deep network under sparse data
conditions, leading to a steady improvement in the model’s true generalization capability
across unknown parameter landscapes. In the later stages of iteration, both error curves
continue to decline gently, eventually stabilizing at 0.0048 and 0.1054, respectively, by the
twentieth batch. This achievement is attributed to the feature importance prior, which
accurately concentrates computational resources on high-sensitivity dimensions to solidly
construct the decision boundaries for the core parameters.
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Figure 9. Convergence trajectories of validation MAE for the parameter.

Figure 10. Convergence trajectories of training MSE for the parameters.

In contrast, the error evolution curve of the mid-value specific exploration strategy
reveals that within the first four batches, the error reduction rate is slightly faster than
that of the priority-guided strategy, with the validation MAE reaching a low of 0.08. This
phenomenon proves that the mandatory supplementation of high-quality samples into
the interior of the parameter space successfully fills the information vacuum left by the
initial orthogonal design, yielding significant early information gains. However, during
the middle stages of iteration, the validation MAE exhibits a notable rebound and remains
in an oscillatory state throughout the subsequent iterations, finally converging to a value
of 0.1113, which is higher than that of the priority-guided strategy. This mid-to-late-stage
oscillation suggests that while the underlying adaptive diversity penalty mechanism forces
the model to explore deep non-linear mapping regions to prevent premature convergence,
these spatial exploration jumps partially disrupt the local smoothness of the core decision
boundaries. Consequently, the inference bias on the validation set increases, sacrificing
local fitting accuracy in the later stages.

To comprehensively and impartially evaluate the ultimate predictive fidelity of the sur-
rogate models derived from different active sampling strategies, a rigorous post-processing
assessment is conducted. Specifically, all newly queried data points actively sampled and
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annotated by the high-fidelity FDM-DEM simulations throughout the iterative process are
extracted. These dynamically acquired samples are then systematically merged with the
initial 20 data points generated by the Plackett–Burman design to construct a complete,
enriched global database for each respective strategy. Subsequently, to guarantee an unbi-
ased performance evaluation, these enriched databases are rigorously re-partitioned into
new independent training and testing sets. Fresh multi-layer perceptron models are then
retrained from scratch using these newly split datasets. The actual testing performances of
these retrained models across the six normalized macroscopic dynamic indicators (Y1 to
Y6) are systematically evaluated and compared. The comprehensive scatter distributions
mapping the true physical values against the network predictions for both strategies are
illustrated in Figure 11.

Figure 11. Scatter distributions of true vs. predicted values for the six macroscopic dynamic indicators
(Y1 to Y6) based on retrained surrogate models. (a) output variable: Y1; (b) output variable: Y2;
(c) output variable: Y3; (d) output variable: Y4; (e) output variable: Y5; (f) output variable: Y6.
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To further explicitly quantify this performance disparity, a comprehensive side-by-
side comparison of the coefficient of determination (R2) scores across all six macroscopic
variables is visually summarized in Figure 12. As visually confirmed by these scatter
distributions and the accompanying bar chart, the parameter priority-guided strategy
demonstrates exceptional predictive capabilities on the testing set. The predicted data
points generated by this priority strategy (blue circles) tightly align with the ideal diagonal
reference line across all dynamic indicators. Furthermore, its corresponding coefficient of
determination (R2) values are highly satisfactory, with the vast majority of targets exceeding
0.8. Specific macro-indicators, such as Y1 (R2 = 0.920), Y2 (R2 = 0.911), Y4 (R2 = 0.904),
and Y6 (R2 = 0.926), remarkably surpass the 0.9 threshold. This robust correlation confirms
that prioritizing the fundamental physical constraints successfully allows the network to
capture the underlying severe non-linear dynamics and establish highly reliable global
mapping boundaries. Conversely, the mid-value specific exploration strategy exhibits a
catastrophic predictive failure on the testing set. Across all six macroscopic variables, the
R2 values of the mid-value strategy (red triangles) drastically plummet, predominantly
hovering near zero or even dropping into negative territory, such as −0.237 for Y2 and
−0.115 for Y3. The scatter distributions reveal a severe horizontal clustering phenomenon,
where the model outputs nearly constant predictions regardless of the actual physical true
values. This catastrophic predictive failure of the mid-value strategy warrants a deeper
physical interpretation. The horizontal clustering is not merely a numerical regression
artifact but a fundamental physical disconnect. The dynamic failure of concrete composites
under high-strain-rate impacts, such as rapid microcrack coalescence and macroscopic
fragmentation, is strictly governed by the extreme boundaries of the material strength
envelope. By mathematically coercing the active sampling algorithm to exclusively explore
the central regions of the parameter space, the mid-value strategy systematically starves the
neural network of the critical extreme boundary information. Consequently, the surrogate
model entirely fails to learn the correct physical performance gradients. This stark contrast
strongly suggests that incorporating physical priority guidance is not merely an optimiza-
tion enhancement but an absolute necessity for capturing the true dynamic failure envelope.
Ultimately, this comparative analysis proves that the parameter priority-guided strategy is
significantly superior, providing a robust, physics-informed data-driven pathway for the
accurate dynamic calibration of the multiphase discrete element model.

Figure 12. Comparison of R-squared scores across six macroscopic dynamic indicators for different
sampling strategies.
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Building upon this highly accurate forward mapping foundation established by the
priority strategy, the core objective of this study further extends to constructing an inverse
mapping mechanism from the macroscopic dynamic response back to the mesoscopic con-
tact parameters. To achieve the precise prediction of physical properties from macroscopic
mechanical targets, all high-quality forward simulation samples accumulated during the
active learning optimization process are comprehensively extracted. To ensure an objective
evaluation of model performance, the global dataset is strictly partitioned into independent
training and testing sets. Following the training of an inverse multi-layer perceptron net-
work based on this partitioned dataset, the training loss convergence trajectories mapping
the macroscopic targets Y to the mesoscopic parameters X are continuously monitored, as
depicted in Figure 13.

Figure 13. MSE training loss convergence trajectories for inverse mapping networks under different
sampling strategies.

Analyzing the inverse loss curves reveals a critical phenomenon: while the mid-
value specific exploration strategy appears to achieve a lower numerical mean squared
error on the parameter space X, this minimization is highly deceptive. It merely re-
flects a severe localized clustering of its training samples artificially bounded near the
parameter center, allowing the network to easily overfit a narrow variance rather than
learning the global inverse physical rules. In stark contrast, the inverse training under
the parameter priority-guided strategy exhibits a highly stable, mathematically robust
convergence plateau, indicating a comprehensive, balanced mapping across the broader,
high-dimensional parameter space.

Because the inverse parameter identification in granular materials is inherently an ill-
posed computational problem characterized by non-unique solutions, directly evaluating
the regression error solely within the parameter space X is fundamentally insufficient. To
rigorously assess the engineering applicability of these trained inverse models, a closed-loop
validation framework is implemented. In this validation flow, the predicted mesoscopic
parameters X̂ generated by the inverse network are subsequently fed back into the highly
accurate forward surrogate model to calculate the reconstructed macroscopic dynamic
responses Ŷ. The ultimate reliability of the inverse design is determined not by intermediate
parameter errors, but by the physical consistency between these reconstructed responses
Ŷ and the original targeted macroscopic responses Y. The comprehensive comparison
of the closed-loop reconstruction R2 scores for both strategies is presented in Figure 14,
accompanied by their respective scatter distributions mapped in Figures 15 and 16.
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Figure 14. Comparison of closed-loop reconstruction R-squared scores for the two active sampling
strategies.

Figure 15. Scatter distribution of actual versus closed-loop reconstructed macroscopic responses for
the parameter priority-guided strategy.

Figure 16. Scatter distribution of actual versus closed-loop reconstructed macroscopic responses for
the mid-value specific exploration strategy.

As intuitively reflected in these rigorous comparative evaluations, the inverse model
driven by the parameter priority-guided strategy achieves an exceptional closed-loop re-
construction R2 score of 0.8662. Its corresponding scatter points densely and consistently
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wrap around the ideal target diagonal (Figure 16). This validates that the priority sampling
mechanism successfully preserves the underlying physical causality, thereby enabling the
inverse network to accurately derive reliable parameter combinations capable of satisfying
the targeted macroscopic dynamic requirements. Conversely, the mid-value exploration
strategy experiences a complete breakdown during this closed-loop validation, yielding
a negligible R2 score of 0.0956. The scatter distribution generated by its reconstructed re-
sponses completely degenerates into a scattered horizontal band (Figure 16). This definitive
failure proves that the severely biased, center-heavy sampling data fundamentally deprives
the inverse neural network of the critical, full-scale boundary information required for
generalized physical reconstruction. These final closed-loop verification results decisively
prove the superiority of the proposed physics-informed active learning framework, estab-
lishing it as a highly reliable tool for both forward dynamic prediction and robust inverse
parameter identification in complex concrete numerical models.

5. Conclusions
This study successfully developed and implemented a highly efficient, data-driven ac-

tive learning framework to overcome the computational bottlenecks and high-dimensional
challenges traditionally associated with calibrating the dynamic discrete element parame-
ters of multiphase concrete. By coupling a high-fidelity FDM-DEM numerical approach
with an enhanced multi-layer perceptron surrogate model, the complex non-linear mapping
between mesoscopic contact parameters and macroscopic dynamic compressive responses
under various impact strain rates was rigorously established. As a crucial preparatory
step, the Plackett–Burman experimental design was applied to effectively reduce the
high-dimensional parameter space from sixteen to eight core variables. This critical di-
mensionality reduction successfully isolated the most influential factors (accounting for
approximately 88% of the total systemic variance) governing the dynamic failure behavior,
thereby streamlining the optimization space for the subsequent machine learning pipeline.

The integration of the active learning framework fundamentally transformed the
calibration workflow by intelligently querying only the most informative parameter com-
binations. With an extremely limited computational budget of just 80 actively queried
high-fidelity physical simulations, the framework drastically reduced the reliance on mas-
sive, computationally expensive static datasets. A systematic comparative analysis revealed
that the parameter priority-guided strategy significantly outperformed the mid-value spe-
cific exploration strategy. By embedding physical mechanism constraints into the active
sampling distribution, the priority-guided approach achieved highly synchronized conver-
gence, stabilizing the training MSE at a low 0.0048 and validation MAE at 0.1054. Rigorous
testing confirmed its exceptional forward predictive fidelity, achieving coefficients of de-
termination (R2) exceeding 0.9 for key macroscopic indicators (specifically Y1 = 0.920,
Y2 = 0.911, Y4 = 0.904, and Y6 = 0.926), in stark contrast to the catastrophic predictive
failure (R2 < 0) of the mid-value strategy.

Ultimately, leveraging this highly accurate forward mapping, a robust inverse pre-
diction mechanism is successfully constructed for the direct and precise derivation of
mesoscopic parameters from targeted macroscopic dynamic responses. Closed-loop valida-
tion proves explicitly the superiority of the physics-informed approach explicitly, achieves
an exceptional reconstruction R2 score of 0.8662, and overwhelmingly surpasses the negli-
gible 0.0956 achieved by the center-heavy sampling strategy. While the current physical
validations center predominantly around a representative high-impact strain rate to ensure
that dynamic failure mechanisms are fully activated, the proposed physics-informed active
learning methodology provides a highly reliable, data-efficient, and automated pathway
for calibrating complex particulate systems. By seamlessly bridging the gap between
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macroscopic performance and mesoscopic mechanisms, this framework offers substan-
tial potential for advancing the numerical investigation and structural design of concrete
composites, with multi-strain-rate extensions planned as a necessary future focus.

Despite the promising results achieved by the proposed framework, it is important
to acknowledge certain assumptions and limitations inherent in the adopted model. First,
regarding the geometric modeling, the concrete aggregates are simplified as convex poly-
hedra to manage computational complexity. In reality, aggregates possess more irregular
morphological features, such as concave surfaces and complex textures, which could fur-
ther influence the internal interlocking mechanisms and local stress distributions within the
ITZ. Second, during the parameter calibration process, a decoupling strategy is employed
to reduce the dimensionality of the optimization space by separating the parameters into
a static elastic group and a dynamic strength group. While this sequential calibration
approach significantly alleviates the computational burden and effectively captures the
primary dynamic responses, it inherently neglects the potential minor coupled interactions
between static stiffness and dynamic damage evolution, which may introduce a marginal
degree of predictive error. Future studies will focus on incorporating more realistic aggre-
gate morphologies and exploring fully coupled high-dimensional optimization algorithms
to further refine the calibration accuracy.
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