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PEXP: A Scalable Parallel Tree-Based Framework
for Interpreting Models on Big Data

Wen-Dong Jiang

Abstract—The proliferation of Big Data has fueled the success
of deep learning; however, its inherent opaque decision-making
nature poses significant challenges for its adoption in safety-critical
domains. Existing interpretable machine learning methods offer
partial solutions but often struggle with model fidelity, inconsis-
tent explanations, a lack of holistic model understanding, and
critically, computational inefficiency, especially when applied to
models trained on large-scale datasets. To overcome these hur-
dles, this paper introduces Parallel Explainer (PEXP), an inno-
vative parallel tree-based interpretation framework designed for
scalability and comprehensive understanding. PEXP initiates by
generating a localized sample set around a target instance through
data distribution-aware perturbations. It then computes similarity
scores and employs a kernel function to weight these samples
effectively. Leveraging concepts from Bagging and Boosting, PEXP
efficiently constructs Parallel Ensemble Trees as its core inter-
pretable model. This model provides feature importance-based
explanations and aggregates insights across all samples to achieve a
global understanding of the model’s behavior on the entire dataset.
Experimental results demonstrate PEXP’s significant advantages
over mainstream interpretable methods in both runtime efficiency
and the quality of explanations, particularly crucial for Big Data
analytics. Furthermore, a case study illustrates PEXP’s applica-
tion in enhancing the interpretability of video anomaly detection
systems within smart cities, a domain characterized by large vol-
umes of data and offers insights for improving Transformer-based
architectures.

Index Terms—Big Data, explanation, interpretable machine
learning, systems management.

1. INTRODUCTION

N RECENT years, deep learning has achieved remarkable
I success in Big Data analysis [1], [2], [3], [4], [5]. Unlike
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Fig. 1.

traditional machine learning methods [6], [7], [8], [9], [10],
which typically convert unstructured data into structured data
and attempt convex function convergence within an assumed
data distribution, deep learning employs stacked hidden layers.
This end-to-end process offers significant advantages over early
expert systems [11], [12], [13], [14] and traditional machine
learning, enabling better fitting to unknown data distributions
and achieving superior performance [15], [16]. However, deep
learning models suffer from the opaque decision-making prob-
lem [17], [18], [19], [20]. Specifically, as shown in Fig. 1, the
three columns represent the original test images, the segments
generated using Superpixel [21], and the top 10 regions identified
by the model as critical for the “dog” category. The results
reveal that the deep learning model is influenced to varying
degrees by the background in all three test images. Notably,
in the second image, the model identifies the snowy background
as the most important region for a husky. Although the model
exhibits excellent performance on evaluation metrics during
training, its results deviate from human cognition, highlighting
the importance of interpretable machine learning. In safety-
sensitive domains, the absence of interpretability may lead to
numerous unnecessary issues.
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Fig. 2.

Explanation of the instability of results.

Interpretable machine learning [22], [23], [24] aims to
elucidate opaque decision-making models by analyzing their
decision-making processes, revealing their internal mechanisms
and the basis for their output results, thereby enhancing model
transparency and trustworthiness. Existing interpretable ma-
chine learning methods can be broadly categorized into three
types: perturbation-based methods, gradient-based methods, and
embedding-based methods. However, these methods generally
suffer from the following issues: model limitations, instability
of interpretation results, lack of global interpretability, and low
computational efficiency.

The first issue is model limitations. Specifically, some meth-
ods [25], [26] are typically designed or modified for particular
types of network, such as convolutional neural networks (CNNs)
or Bayesian networks, to achieve transparency within those
specific architectures. However, these approaches often struggle
to generalize to arbitrary deep learning architectures.

The second issue is the instability of explanation results. As
illustrated in Fig. 2, for different input images, the explanations
generated by some interpretable algorithms can vary dramat-
ically, exhibiting significant inconsistency. Consequently, this
makes it difficult for users to trust these explanations, greatly
diminishing their practical value in guiding model debugging,
verifying the reliability of model behavior, and building user
trust in Al systems. Misleading interpretations stemming from
such instability can even lead to erroneous decisions.

The third issue is a lack of global interpretability. Specif-
ically, many existing interpretability methods, such as LIME
(Local Interpretable Model-agnostic Explanations) [27] or cer-
tain versions of SHAP (SHapley Additive exPlanations) [28],
are primarily designed to provide “local” explanations, that is,
to elucidate why a model makes a specific prediction for an
individual input sample. While these local insights are highly
valuable for understanding the decision logic in individual
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cases, they are often difficult to directly aggregate or effectively
generalize to depict the model’s overall behavior patterns, key
decision boundaries, or generalizable feature importance across
an entire dataset or a class of inputs. Consequently, users find
it challenging to gain a macroscopic understanding of what the
model has learned, and to systematically assess its overall bias,
fairness, or consistency in performance across different data
subsets.

The fourth issue is low computational efficiency. Specifi-
cally, many interpretability methods, particularly those reliant
on extensive perturbation sampling or complex iterative opti-
mization processes [27], [28], [29], [30], consume substantial
computational resources and processing time when applied to
high-dimensional data, large complex models, or when needing
to explain numerous sample instances. For instance, generating
an explanation for a single sample might necessitate hundreds or
even thousands of repetitive evaluations of the original model.
The high computational cost limits the practical use of these
methods, especially in large-scale data scenarios or applications
requiring real-time or near real-time responses. It also delays
model iteration, debugging, and validation, ultimately reducing
the overall efficiency of research and development.

To address the aforementioned limitations, this study in-
troduces a novel parallel tree interpretation framework called
Parallel Explainer (PEXP). The proposed PEXP’s core opera-
tional workflow commences by applying data distribution-based
perturbations to individual samples, thereby generating a local
neighborhood of perturbed instances. Subsequently, the frame-
work assesses the similarity between each perturbed instance
within this neighborhood and the original sample, utilizing a
kernel function to weight their relative importance. Following
this, the proposed PEXP integrates Bagging and Boosting en-
semble learning strategies to efficiently construct the Parallel
Ensemble Tree structure, which serves as the core of the in-
terpretation model. These ensemble trees then output feature
importance scores, forming the basis for generating local expla-
nations. Ultimately, by performing a weighted aggregation of
the explanatory insights derived from all samples, the proposed
PEXP can establish a global understanding of the entire dataset’s
behavioral patterns. Further details will be elaborated upon in
Sections IIT and IV.

In practice, we have validated the efficacy of the proposed
PEXP method through experiments on multiple benchmark
datasets, spanning both image and video data. Furthermore,
through case studies, this paper also demonstrates how the
proposed PEXP method can assist in diagnosing models on
large-scale datasets. In summary, the main contributions of this
study can be outlined as the following three points:

1) The proposed PEXP introduces a perturbation sample
generation technique based on the data distribution. Com-
pared to methods of random perturbation generation [27]—
[28] or fixedproportion generation [29]-[30], this tech-
nique offers higher stability.

2) The proposed PEXP introduces a method for construct-
ing boosting and bagging trees based on parallel matrix
aggregation. This method is more efficient compared to
traditional methods for training surrogate models.
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3) Extensive experiments demonstrate that PEXP outper-
forms current stateoftheart methods in stability, inter-
pretability, and efficiency. Furthermore, through case
studies, the potential of this method for explaining
largescale video data in smart cities has also been explored.

The rest of this paper is organized as follows. Section II

discusses and compares previous related work. Section III
presents the proposed PEXP framework. Section IV describes
experiments and performance evaluation. Section V discusses
limitations and future directions, and Section VI concludes the

paper.

II. RELATED WORK

This chapter introduces related work on interpretable ma-
chine learning, divided into three parts: perturbation-based
methods, gradient backpropagation-based methods, embedding-
based methods.

A. Perturbation-Based Methods

The fundamental principle underlying these methods involved
the systematic occlusion or modification of specific portions of
individual test instances, followed by re-feeding the perturbed
data into the model to obtain new predictions. The resultant
changes in the model’s predictions were then utilized to quantify
the relative importance of individual features within the original
test data.

For instance, Zeiler and Fergus [31] identified image re-
gions deemed most salient by the model by systematically
sliding a grey occluding patch across images and monitoring
the corresponding shifts in model predictions. Ribeiro et al. [27]
employed random occlusion of portions of images or text to gen-
erate new predictive outputs, and subsequently leveraged the co-
efficients of linear regression models, constructed based on these
perturbed outputs, to elucidate the model’s decision-making
rationale. Petsiuk et al. [32] similarly employed a strategy of ran-
domly masking input images to evaluate feature contributions. In
the realm of game theory—based approaches, Ancona et al. [33]
introduced a method that utilized Shapley values to approximate
explanations for deep learning model predictions. Lundberg &
Lee [28] proposed using the probabilistic derivative of Shapley
values as a metric to quantify the discrepancy between perturbed
samples and the original instance, thereby probing the model’s
internal mechanisms.

Furthermore, other strategies for generating perturbed sam-
ples were explored. Zafar and Khan [34] utilized clustering
methods to generate perturbed samples for explanatory pur-
poses. Liu et al. [35] introduced a framework combining in-
terpretable dual trees with SHAP values for interpretability
analysis. Lee et al. [29] developed EnEXP, which achieved
interpretability through the construction of Random Forest and
XGBOOST models. Jiang et al. [30] proposed RealExp, which
enhanced interpretability by decomposing Shapley Values into
individual and interaction importance components, and utilized
tree-based structures for explanation.

Gupte and Paparrizos [50] carried out a deep empirical com-
parison of Shapley value approximation methods on tabular

1179

datasets, highlighting how different sampling and regression
based estimators balance attribution accuracy against compu-
tational cost. Oreti and Visani [55] developed parallel imple-
mentations for a decisiontree explainability algorithm, achieving
significant speedups on large datasets by distributing both tree
induction and explanation phases across compute nodes. Earlier,
Sagi and Rokach [56] proposed approximating XGBoost models
with single, interpretable decision trees—transforming gradient-
boosted forests into compact trees that retain most of the original
predictive power. Weinberg and Last [57] presented an inter-
pretable decisiontree induction method within a bigdata parallel
framework, SySM, which selects a single representative tree
based on syntactic similarity metrics to balance interpretability
and efficiency at scale.

Although these methods were, in principle, applicable to
any opaque decision-making model, they faced two primary
challenges. Firstly, the generation of perturbed samples often
relied on random or fixed-ratio sampling techniques, which
could lead to a lack of stability in the interpretability outcomes.
Secondly, when these methods depended on surrogate (or proxy)
models, the construction process for such models was frequently
inefficient. This inefficiency, in turn, constrained their capability
to explain deep learning models when applied to large-scale
datasets.

B. Gradients-Based Methods

The primary objective of such techniques was to ascertain,
via one or more iterations of backpropagation, which specific
input elements exerted a substantial influence on the model’s
final output. Academic literature documents various such im-
plementations: for instance, the work by Zhang et al. [36] uti-
lized backpropagation to delineate the input pixels responsible
for activating particular nodes or categories within the neural
architecture, thereby illuminating the model’s decision-making
rationale. Selvaraju et al. [37] leveraged gradient information
derived from convolutional layers to emphasize regions pivotal
for the model’s predictions, enabling a visual understanding
of the model’s attentional focus. Binder et al. [38] identified
features bearing the most significant predictive power by retroac-
tively distributing the output error proportionally to each input
attribute. In arelated vein, Shrikumar et al. [39] assigned “signif-
icance values” to input features by contrasting their individual
contributions against a baseline input, thereby deconstructing
the model’s predictive behavior. Smilkov et al. [40] refined
gradient visualizations by introducing random perturbations to
input imagery and averaging the resulting gradients, aiming to
bolster the robustness and perspicuity of these visual accounts.
More recently, Bakchy et al. [41] developed a streamlined CNN
architecture and employed the Grad-CAM methodology to fa-
cilitate model interpretability.

Wang et al. [51] proposed Feature Similarity Group Class
Activation Mapping (FSG CAM), which clusters similar fea-
tures before computing class activation maps to produce more
coherent and human interpretable visual explanations. Mitra
et al. [53] advanced ScoreCAM by incorporating a learnable
gating mechanism (“ScoreCAM++") to weight neuron scores
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dynamically, yielding sharper and more discriminative activa-
tion maps for CNNs.

Notwithstanding their provision of intuitive visual pathways
for discerning model decision-making, these approaches were
beset by four principal drawbacks. Initially, they encountered
difficulties in furnishing lucid explanations for models character-
ized by a vast number of parameters. Furthermore, their applica-
bility was predominantly confined to CNN and their derivatives,
and largely restricted to image-based data. Additionally, such
techniques were unable to deliver a holistic interpretation across
an entire dataset. Lastly, the assessment of these explanatory
techniques’ efficacy was challenging due to the visual nature
of their outputs; this stemmed less from the visual presentation
itself and more from the fact that the rudimentary pixel agglom-
erations serving as explanations often lacked inherent semantic
value within the specific application context.

C. Embedding-Based Methods

Such approaches leveraged non-linear dimensionality con-
traction methodologies to augment the lucidity of data compre-
hension. Fundamentally, these methodologies projected samples
onto adjacent regions within a lower-dimensional manifold,
contingent upon their affinity within the high-dimensional dis-
tribution.

The research by Mnih et al. [42] served as an illustration,
showcasing the application of t-SNE, a tool for dimensional
compression. This instrument was designed to transform in-
tricate high-dimensional information into scatter plots on a
two-dimensional surface, where the arrangement of markers
unveiled the inherent architecture of the source data. To im-
part supplementary insights, the hue of each data marker in
the scatter plot was calibrated based on its attributes, whether
acquired automatically or designated by human intervention. In
contrast, Engel and Mannor [43] introduced a strategy employ-
ing embedded graph structures, which appraised the proximity
between samples by computing their transitional likelihoods.
More recently, Adrien et al. [44] developed DT-SNE, a scheme
that refined t-SNE using decision tree models, intended to elevate
the explanatory efficacy of conventional SNE approaches.

While these methodologies adeptly employed statistical in-
struments for explanatory ends, they encountered impediments
when addressing voluminous datasets, primarily attributable to
the intricacies of feature engineering.

Rawal et al. [52] tackled the vexing problem of assessing
explanation fidelity in the absence of ground truth by introducing
a suite of proxy metrics and humanintheloop evaluation pro-
cedures, demonstrating that existing benchmarks can misrank
explanation methods. Most recently, Yang et al. [54] framed
CNN interpretability as a coalitional game, enabling interactive
exploration of feature coalitions and their marginal contribu-
tions, and thus offering users a principled way to probe model
behavior.

Moreover, embedding techniques during the dimensionality
contraction process frequently failed to comprehensively retain
all attributes of the source data from its original n-dimensional
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Fig. 3. The proposed PEXP workflow.

space, thereby complicating subsequent analytical interpreta-
tion. Furthermore, as an unsupervised learning algorithm, t-
SNE inherently could not guarantee that instances pertaining to
identical classes would consistently maintain their agglomera-
tive structure or analogous characteristics in the resultant visual
representation.

III. THE PROPOSED PARALLEL EXPLAINER

This section presents the assumptions and problem statements
of this study, divided into two parts: Detection and This section
will provide a detailed exposition of our proposed Parallel
Explainer (PEXP). Unlike existing perturbation-based methods
[27], [28], [29], [30], the proposed PEXP not only significantly
enhances the stability of explanation results but also optimizes
computational efficiency. Compared to gradient-based methods
[36], [37], [38], [39], [40], [41], the proposed PEXP is theo-
retically designed to generalize to any type of deep learning
model, rather than being solely confined to CNN-based archi-
tectures. Furthermore, in contrast to embedding-based methods
[42], [43], [44], the proposed PEXP can effectively perform
interpretability analysis on large-scale datasets. Fig. 3 clearly
illustrates the operational workflow of the proposed PEXP.

As shown in Fig. 3, the proposed PEXP method initially pro-
cesses an input ‘Test instance’. This instance then undergoes a
‘Data Distribution Perturbation’ phase, during which the system
generates a series of new, perturbed samples around the original
data point. Subsequently, these newly generated perturbed sam-
ples are “Weighted’ (Weigh the New samples), meaning they are
assigned varying importance weights. These weighted perturbed
samples are then used to train a core ‘Weighted Parallel Tree’
(Train a Weighted Parallel Tree) model. Local explanations,
feature importance scores, or similar information extracted from
this model are further integrated and refined through a ‘Tree
importance’ step. Finally, the explanation results formed through
to ‘Users’, The specific implementation steps and details are
elaborated below.

A. Data Distribution Perturbation

Firstly, the perturbation is based on the data distribution.
Unlike previous works [27], [28] that use random perturbation
generation or adversarial attacks [29], [30], the proposed method
for generating perturbation samples is based on the original
data distribution. The advantage of this is that the generated
perturbation samples are more consistent with the intrinsic
structure and statistical characteristics of the real data. This
allows the model to exhibit better generalization ability and
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(séfit)

Fig. 4. The data distribution perturbation workflow.

stability when facing these perturbations, reducing the risk of a
model’s predictions fluctuating drastically due to encountering
unknown perturbations that significantly differ from the training
data distribution.

Let & ns denote the proposed perturbation based on the data
distribution (DD), as illustrated in Fig. 4. Specifically, let §uig
denote the high-dimensional image data to be analyzed. Let Weg
represent the Watershed image segmentation operator with a
specific parameter set O. Initially, the segmentation operator We
is applied to &g to perform structural segmentation, yielding
the segmented image &,. This transformation process can be
expressed as &g = Weo (Eorig)-

The segmented image &, is defined over the pixel coordinate
space (), as a pixel intensity function &geg : Qgeg — R¢, where
C is the number of image channels. Its pixels are partitioned into
aseries of disjoint segmented regions R ;, satisfying Ujvfl R =
Qgeg and R; N'R;j = () for i # j, where Ny is the total number
of segmented regions.

Subsequently, to generate perturbed samples in a statistical
sense, a Laplacian random process is employed to introduce per-
turbations to the intensity values of each pixel in the image .
For this purpose, let L (¢| 1., 81 ) denote the Laplace Probability
Density Function, which is calculated in Exp. (1):

R |€,UL|>
e (M) o

where p7, € R is the location parameter of the distribution, and
B € RT is the scale parameter, which directly controls the
statistical dispersion of the injected noise.

To construct a sample set Spery = {T,fr)t |k =1,2,...,K} con-
taining K independent and identically distributed perturbed
images, a noise realization value 67%), independently sampled
from the aforementioned Laplace distribution IL(e|ur,, 51,), is

added to each pixel coordinate (u, v) within the image domain

L (€|, BL) =

Qgeg Of Eeq. Consequently, the pixel value (ngr{)w of the k-th

perturbed image Ef,fr)t at coordinate (u,v) can be expressed in

Exp. (2):
(6e0),, = Eee)un +i8), @)
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where £(F) is a random noise tensor possessing the same dimen-
sions and structure as sq. Each of its elements a( ) is an inde-
pendent random variable generated according to the probability
density function L(e|u, 81,), denoted as ek ~ L(pr, Br)-
In summary, by applying a Laplacian noise injection mecha-

nism to the pixel intensities of the segmented image &, a series

k
{g]ger)t}k 1 can

be generated. Each instantiated sample §pen in this set represents
a specific random perturbation realization under this Laplacian
noise model.

For comparison, we consider existing Random Masking (RM)
[27], [28] and Proportional Masking (PM) [29], [30] methods.
These methods typically operate directly on the original image
&orig.- For RM/PM methods, each pixel (&qig)uo Of the original
image is replaced by a predefined constant ¢ with probability
Par, and retains its original value with probability 1 — Py,.
Thus, a pixel value (£57)u, of the perturbed sample can be
defined in Exp. (3):

of statistically perturbed image samples Spm

(é ) _JG with probability Py, 3
M)~ (€orig),,, » With probability 1 — Ppy.

A key difference between DD and RM/PM lies in the perturba-
tion mechanism: The DD perturbs by adjusting the pixel values
of the segmented image, whereas RM/PM perturbs by replacing
pixel values of the original image, the latter potentially leading
to information loss during replacement.

The Theorem 1 compares the key statistical properties of
samples generated by the DD perturbs with those generated by
RM/PM methods.

Theorem 1: Under the expected mean squared error, the
DD method produces perturbations closer to the original data
distribution, satisfying: E|[&per — &seell3 < El|€nr — Eorig||3-

Proof: The DD method adds Laplacian noise t0 eyt
(gpert)uv = (gse‘g)uv + €uvs ﬁL)

L(d0, ) = A

2/3L exp(——) The variance is Var(euv) =203,
the expected error is E|/&pern —

§seg||2 [Eu,v 61211)] =
|Qsee| - 287. The RM/PM method perturbs g as

where €y, ~ L(0 and

(g ) e, with probability Py,
M)~ (Eorig) ., »  With probability 1 — Py

The expected error per pixel is E|[€as — Eorig |3 = Par|Qsee| o2,
where 0% = [¢ — (&orig)uv]?. For inequality comparison, || -
207 < Par|Qseg|c?, simplifying, 287 < Paro?. Since [ is
small and o is large, with Py, = 0.1, the inequality holds. [
This indicates that the DD method is more stable in preserving
the statistical properties of the data. After Data Distribution
Perturbation, next part is weighting the new samples.

B. Weighting the New Samples

The second step involves calculating the similarity between
the perturbed samples and the original image, and then assigning
weights based on this similarity for the subsequent training of
the surrogate model. A two-stage method is used for weight
assignment: initially, cosine similarity is calculated, which is
then non-linearly adjusted using an exponential kernel function.
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g
Spert = { B, e REWXC| g = 12, x} Eorig € REXWXC
(#)
») _ Worig» ’Vpert)
Bcos = 10}
”UOTL'QHZ ”Upert 2
Fig. 5. The working flow of the weighting the new samples.

Specifically, as shown in Fig. 5, the perturbed sample set

Spert = {:EQ € REWxC|Ep = 1,2 ... K}, a critical proce-

dure is the quantification of fidelity between each perturbed
instance gf,fr{ and the original high-dimensional image e €
RH*WxC This fidelity measure underpins the derivation of
a sample-specific weight, w*) € R*, which is integral to the
empirical risk minimization objective employed for training
a surrogate model, denoted Fyrogae- The weighting schema,
W (REXWXC REXWXCY s R+ is operationalized via a
two-stage methodology:

Stage 1. Cosine Similarity Metric: The initial stage quantifies
the angular concordance between the latent vector representation
of g},g Both multi-channel images are transformed into D di-
mensional vectors, where D = H - W - C, through a vectoriza-
tion mapping vec : RF>*W>C 4 RP et Vorig = Vec(&orig) and
vlﬂf)t = VCC(Agfr)[). Let s&) denote the cosine similarity, which
resides in the interval [—1, 1], and is mathematically defined as

per Exp. (4):

N ()]
orig» “pert

k
HvorigHQ ‘ U[()er)t 9

(k) _

cos

“

where (-, -) signifies the canonical inner productin R?, and || - |-
denotes the Euclidean (L) norm. This metric isolates the ori-
entation alignment, abstracting from magnitude discrepancies
between the image vectors.

Stage 2. Exponential Kernel Weighting Mechanism: The set of

scalar similarities {s((;’;g}’,gzl are subsequently transformed into

a corresponding set of positive weights {w(k) }’kc:1 by means of
an exponential kernel function. This non-linear mapping serves
to accentuate the contribution of high-fidelity perturbed samples
within the surrogate model’s learning process.

‘We first define a cosine distance dglf)g =1- sglf,g Given sé’ég S
[—1, 1], the corresponding d®) e [0, 2]. For typical image data
with non-negative pixel intensities, s((féz often lies in [0, 1],

rendering d.ﬁ’éi €10,1].
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Parallel Training and
parameter optimization of
base learners

Training and Parameter
Optimization of the
Aggregation Function

»

The Construction of the
Response Matrix

»

Fig. 6. The weighted parallel tree working flow.

The weight w*) for the k-th sample Ef,f)l is then formulated
as specified in Exp. (5):

(k)

k) 1 —
w® =exp | — ;LOS = exp —% , 5)

In Exp. (5), A € R represents the kernel bandwidth which
governs the decay profile of the exponential weighting function.
A diminutive A imposes a stringent locality, thereby assigning

substantial weights almost exclusively to those samples {NI()Q

exhibiting sgﬁg ~ 1. Conversely, a larger ) effectuates a more

lenient weighting distribution.

Theorem 2 aims to characterize the sensitivity of the kernel
bandwidth to the weights, in order to demonstrate the robustness
of the method. The specific performance analysis and proof are
provided below.

Theorem 2 (Sensitivity of the weight to the kernel bandwidth
A): For any fixed d.(:’él > 0, the weight w®) (A) has first deriva-

) .
tive qu—f\k) =P (k)% > 0, and second derivative 6281\”2(}9) =
(k) (g (&) _
(k) ()\) dcos(d)i:zs 2))

w . The second derivative is negative when

A< %dglég and positive when A > %dE’SZ

Proof: Differentiating the weight definition with respect to
. yields 222 — exp(—9) . (—4) . (=1) = w®) (3) £, where
d= d£’§2 > (). Hence the first derivative is always positive, indi-
cating that increasing A raises all weights at a rate proportional
to d/A%. A second differentiation gives the stated expression
for 02 w®)/ 92, from which its concavity for A < d/2 and
convexity for A > d/2 follow directly. O

After completing the weight calculation, the training of the

parallel trees follows immediately.

C. Train a Weighted Parallel Tree

As shown in Fig. 6, this process includes three stages: the first
stage is parallel training and parameter optimization of base
learners; the second stage is the construction of the response
matrix; and the third stage is the training and parameter optimiza-
tion of the aggregation function. Specifically, the training of the
weighted parallel tree surrogate model, denoted as Fyyrogae =
Gage © Piranstorm, primarily involves the following three core
stages. Let Cpere = {E}SQ € X,y® € Y,w® € Rt} | denote
the sample set whose objective is to learn the model parameters
from the weighted perturbed data.
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Stage 1. Parallel Training and Parameter Optimization of
Base Learners: The goal is to train M base learners h,, : X —
Zm (for m=1,..., M), each with parameters ¢,, € O,
Training begins with a data allocation strategy. Each h,, can
use the full weighted dataset (p.. Alternatively, to enhance
efficiency and diversity, D,, may be divided into M subsets
D,(,fn) C D,,, which may overlap or be disjoint. Another ap-
proach assigns each h,,, to a subspace X (m) C X This ensures
parallelizable training. Parameter optimization determines ¢,
by solving the optimization problem in Exp. (6):

oy, =arg min J, (cpm; Dg’”)
©mEOm
= arg gornelg [E(g’%w)NPD(m) ['LU * Lipase (y7 B (&5 wm))}

4+ Qg (3 b (s DY) | ©)

Here, E » represents the expectation under the

(&, w)~P (m
empirical probability dlstrlbutron P m) defined by the weighted

training subset D™ The loss function Lyye : Y X Z,, — RT
is chosen for the base learner, typically the mean squared
error (y — hm(g; ©m))?. The regularization functional (e, :
O x (X xY x W)Em — R is applied to the parameters
©m, With X, > 0 as the regularization strength coefficient. This
optimization can be solved using standard algorithms tailored to
the type of base learner h,,

Upon completion of this stage, a set of trained base learner
parameters {¢}, }M_, is obtained.

Stage 2. Construction of the Response Matrix: This stage
leverages the set of trained base learners {h,, (-, )}, to
transform perturbed input samples from the input space X into
a joint response space Z;, C RPr,

Initially, each perturbed sample f pert (kK =1,...,K) in the
weighted dataset (yert is processed through all M base learners to
compute their responses, denoted as hm)ompul (ngr{, ©r).

Next, these responses are concatenated to form the k-th
row vector ¢, of the response matrix ¢ € RE*Pr  where

0 = @M_ ¥

=1 "m,output*

ation results in /), = [(hr(fpem%))

(har (Een: )17

The total dimensionality of the response vector is Dy, =
Z%Zl dim(Z,,). Upon completion, the response matrix ¢ is
fully assembled, with each row representing a transformed sam-
ple in the feature space defined by the base learners.

Stage 3: Training and Parameter Optimization of the Ag-
gregation Function: The objective of this stage is to train the
second-layer aggregation function g, : RPZ — Y, which is
responsible for mapping the joint responses of the base learner
ensemble to the final prediction output. The aggregation function
Jagg has its own set of parameters fygy € Ojgg.

The first step is construction of meta-dataset. Let Dy =
{Ly,y™, w(k)}szl denote the new training dataset, which is
constructed using the response matrix ¢ generated in Stage 2
as input features, the target outputs Yper = {y®}X_ from the

Speciﬁcally, this concatenation oper-
(hQ(gpem 902)) P

1183

original perturbed samples as target values, and the original
sample weights Q = {w®}K_ .

The second step is parameter optimization. The optimal pa-
rameters 6., for the aggregation function are obtained by solv-
ing the weighted empirical risk minimization problem defined

in Exp. (7):

Orge = B8 edrglelgd Jage(Bage; D)
= arg ewgng(gdgg E(z,y,w)NpDL [UJ : Lﬂgg (yv gugg(z; eagg))]
thg ngg(‘gaggﬂ : )
Here, IE(Z_’ yw)~Pp, denotes the expectation under the em-

pirical probability distribution Pp ,, defined by the meta-dataset
Dr. Lyge : Y XY — R is the loss function selected for the
aggregation layer, (oo : Ope0 — R is a regularization func-
tional imposed on the parameters 0,40, and A, > 0 is the reg-
ularization strength coefficient. This optimization problem can
be solved using standard algorithms suitable for the chosen type
of aggregation function gge.

The trained aggregation function parameters 6, are obtained.
The final Weighted Parallel Tree surrogate model Fyyrogae 18
jointly defined by the trained base learner parameters {* }2_,
and the aggregation function parameters 6. Its prediction for
a new input ¢ is given by Exp. (8):

Fsurrogate (f) = Jagg (q)transform(g; {(pjn}%: )a G;gg)

where Pyanstorm (&3 {0 }n=1) = @%:1 han (&5 07)-

The proposed approach significantly enhances the efficiency
of surrogate model construction, offering substantial computa-
tional advantages over traditional methods. Consider a dataset
with N samples and d features, processed using identical parallel
computing resources supporting at least M/ -way parallelism. Let
Tpr, Trr, and T'xgp represent the training times for PTM,
Random Forest, and XGBoost, respectively. Define C}, as the
computational cost of training one PTM base learner, C'.; as
the cost of training one Random Forest decision tree, and C', as
the cost of training one XGBoost decision tree.

Additionally, let Cs; = Chayrix + Caggregaior denote PTM’s to-
tal overhead for constructing the response matrix Cp,gix and
training the aggregator Cygeregator- The efficiency of the proposed
PTM depends on the following conditions:

1) For XGBoost, PTM achieves a lower training time if C}, +
Cs, < M - C,. This typically holds when M > 1, particularly
when C), = C,, and the overhead Csy, < (M — 1) - C,.

2) For Random Forest, PTM achieves a lower training time
if Cp, + Cx < Cyy. This is satisfied when PTM’s base learners
are significantly less complex than Random Forest trees (C), <
C.¢) and Cx, remains modest.

Theorem 3 establishes that the Parallel Tree Model (PTM)
outperforms Random Forest and XGBoost in training speed
under specific conditions, surpassing the performance of prior
works [29], [30].

Theorem 3: Under the specified conditions, PTM exhibits
lower training time than XGBoost when C}, + Cy < M - Cy,

®)
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and lower training time than Random Forest when Cj, + Cy, <
Cry.

Proof: For PTM, the M base learners are trained in parallel,
resulting in a training time dominated by Tpr ~ Cp, + Cyx.
For XGBoost, the M trees are constructed sequentially, with
each tree’s training dependent on prior trees. The total training
timeis Txgp = Z£1 Cy, = M - C,, where C, is the average
training cost per XGBoost tree. By Condition 1, PTM has alower
training time if Cj, + Cx; < M - C,..If C), ~ C.,, this reduces to
Cs < (M —1)C,. For M > 1, PTM’s parallel training yields
an efficiency advantage when the overhead Cfy; is less than the
cost of training M — 1 XGBoost trees, a condition that becomes
increasingly achievable as M increases.

For Random Forest, the M trees are trained independently in
parallel, so the training time is approximately the cost of a single
decision tree Trr ~ Ci.

By Condition 2, PTM achieves a lower training time if
Ch + Cx, < C.y. This holds when PTM’s base learners are com-
putationally lightweight, using shallower trees, fewer features,
or simpler models, such that (C}, < C, ) and the overhead C';
is small. PTM’s efficient design and parallelization thus provide
a significant reduction in training time compared to Random
Forest.

Compared to previous work [29], [30], Theorem 4 provides
clear boundary conditions for achieving a computational advan-
tage.

Theorem 4: PTM is faster than XGBoost if C}, + Csx. <
MC, <— M > % PTM is faster than Random Forest
ifC, +Cx < Crf é Csy < Crf — Oy,

Proof: In contrast to XGBoost, the M base learners in PTM
can be trained in full parallel. The total time is determined by
the slowest base learner plus an additional aggregation overhead,
given by:

Tprv = 13}fi<XM(Ch) +Cx

Conversely, the trees in XGBoost must be built serially, as
each tree depends on the residuals of the preceding one. Its
total time is therefore Txgp = Zf\i 1 Cy, = MC,. Thus, for
PTM to have a computational advantage Tpry < 1Txcp, the
condition C}, + Cx, < M (', must be met.

Compared to Random Forest, although its M trees can also be
trained in parallel, the total time is similarly bottlenecked by the
slowest single tree, yielding Trr ~ C,.¢. For PTM to be faster
Tprm < Trr, the condition is Cp, + Cx; < Cyy. O

Therefore, under the stated conditions, PTM demonstrates
superior computational efficiency, completing the proof. After
training the Weighted Parallel Trees, the next step is the tree
importance analysis.

D. Tree Importance

This process helps in understanding which original input
features contribute most significantly to the model’s predictions,
offering valuable insights for interpretability. This guide outlines
a simplified approach using Gini importance, assuming that
both the base learners and the aggregator in your Weighted

IEEE TRANSACTIONS ON BIG DATA, VOL. 12, NO. 4, JULY/AUGUST 2026

Parallel Trees model are tree-based. The calculation of feature
importance proceeds in the following steps:

Step 1: Calculate Feature Importance within Each Base
Learner h,,,: For every base learner h.,, in the model: Determine
the Gini importance of each original feature X; within that spe-
cific tree h,,,. This value, Gini(X}|h,,), is typically a standard
output from decision tree implementations. It quantifies the total
reduction in Gini impurity brought about by splits on feature X;
within tree h,,.

Normalize these feature importances for each base learner h,,,
so that they sum to 1, assuming at least one feature is used by
h, as shown in Exp. (9):

T (X o) = i lm) ©)
> e Gini(Xy|hyy,)
where d is the total number of original input features. If a base
learner h,,, does not use any features, all Inom (X |h.m, ) will be
zero for that learner.

Step 2. Calculate Importance of Base Learner Outputs for
the Aggregator (gag,): The aggregator g,g, takes the outputs
{71, 22, ..., 2n } from the M base learners as its input features.

Calculate the Gini importance of each input z,, for the ag-
gregator tree guoe. This is denoted as Gini(2,,|gage) and can
be obtained from g,s,’s own feature importance scores if it’s
a tree-based model. Normalize these importances so they sum
to 1, as shown in Exp. (10):

Gini(2m |Gage)

M )
11 Gini(2x|gage)

Inorm(zm|gagg) = (10)

Step 3. Combine Importances for Global Feature Importance:
The global Gini-based importance of an original feature X,
FI(X}), is derived by combining the normalized importances
from the previous two steps, as shown in Exp. (11):

M
FI(Xj) = (Inorm(zm|gagg) : Inorm(Xj|hm)) .

m=1

(1)

Intuitively, this formula suggests that the overall importance
of an original feature X ; is a weighted sum. It considers how im-
portant X; is to each base learner Ay, (Znorm (X |~ )), and then
weights this by how important that base learner h,,,’s output is to
the final decision made by the aggregator gags (Znorm (Zm|Jage))-

The above outlines the complete details of the proposed PEXP
model. In practical applications, users can utilize visualization
techniques to identify the Top-K features contributing most sig-
nificantly to model predictions. We have also provided the pseu-
docode algorithm and relevant explanations in the Appendix.
Please refer to the Appendix version. The experimental section
follows.

IV. EXPERIMENTAL

This chapter will introduce the performance of the proposed
PEXP. The experimental section is divided into five parts:
dataset, hyperparameter settings, evaluation metrics introduc-
tion, comparison with state-of-the-art methods, ablation stud-
ies. The specific presentations of the case studies, along with
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additional experiments, can be found in the supplementary file
provided in the Appendix.

A. Dataset

For benchmark performance evaluation, the Animal-10 and
Animal-151 datasets were adopted. The Animal-10 dataset
contains approximately 28,000 medium-quality animal images,
which are categorized into 10 classes: dog, cat, horse, spi-
der, butterfly, chicken, sheep, cow, squirrel, and elephant. The
Animal-151 datasetis characterized by a small number of images
per class: each class has a maximum of 60 images, while some
classes have only 30. To save storage space, all images were
resized to 224 x 224 pixels. The selection of these datasets and
the image preprocessing methods are consistent with previous
works [27]-[31].

In case-based experiments, the XD-Violence dataset [45] was
selected for the video anomaly detection task. This dataset has a
total duration of 217 hours and includes 4754 untrimmed videos
with audio signals and weak labels.

In addition, a manual evaluation benchmark was established
for the interpretability experiments. Specifically, 1,000 images
were selected from each of the Animal-10 and Animal-151
datasets, yielding a total of 2,000 images for expert annotation.
A labeling platform was built using the Gradio front-end ap-
plication, and public access links were distributed to three re-
searchers. As shown in Fig. 7, the right panel displays the images
to be annotated, while the central panel updates segmentation
results in real time. Experts selected regions deemed to contain
dogs using the mouse, then ranked those regions in order of
importance.
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To ensure objectivity, experts were not shown any model
outputs during the annotation process. All annotators followed a
standardized protocol that defined region granularity, semantic
boundaries, and importance criteria, which was provided before
annotation. To further ensure rigor, the annotations from all
three experts were cross-compared, and the majority-consensus
combinations illustrated in Fig. 8 were adopted as the final
labels.

B. Parameter Settings and Model Selection

This section introduces the hyperparameter settings and
model selection. First, for the perturbation samples Spern =
{ngr{ € REXWxC|Ep =12 ... K}, the number K is set to
1000. In Exp. (1), pz, and B, were uniformly set to 0.2, and
in Exp. (4), A was set to 0.25. The number of parallel trees h,,,
m was set to 50.

Regarding model selection, for the benchmark datasets, we
explored four models using ImageNet pre-trained weights: Mo-
bileNet [46], ResNet [47], DenseNet [48], and Vision Trans-
former (ViT) [49].

During training of both the base learners and the aggregator,
we employed the following configurations: for optimizer
settings, we used the Adam optimizer (81 = 0.9, 52 = 0.999)
with an initial learning rate of 1 x 1073, a CosineAnnealingLR
schedule (T},ax = 50), and a weight decay of 1 x 10~* ; for
training configurations, we built both the base learners and
the aggregator as small multilayer perceptrons (MLPs); for
random seed and reproducibility, we fixed the seed at 759 and
enabled deterministic mode in PyTorch (torch.backends.
cudnn.deterministic=True, torch.backends.
cudnn.benchmark=False); and for hardware specifica-
tions, we ran all experiments on Ubuntu 20.04 LTS using two
NVIDIA Tesla V100 GPUs (16 GB each), an Intel Xeon Gold
6248 CPU (20 cores, 2.5 GHz), and 128 GB of DDR4 RAM,
with Python 3.8, PyTorch 1.10.0, CUDA 11.3, and cuDNN 8.2.

C. Evaluation Metrics

We analyze the model performance of the proposed PEXP
from five aspects: stability, fidelity, coarse-grained human expert
matching, fine-grained human matching and influence time.

Stability: To quantitatively assess the robustness of inter-
pretable models, particularly considering the congruence be-
tween their attributed regions (explained regions) and the origi-
nal salient parts of an image, and referencing the methodologies
in existing literature [27]—[30], this study introduces the Jaccard
coefficient as one of the core evaluation criteria. The experimen-
tal design involves subjecting the same experiment to five-fold
independent replications under conditions of slight variations.

For any k-th replication k =1,2,...,5, the explanation
method outputs a set composed of identified key features. This
set (whose elements may be salient regions in an image or core
feature indices in structured data) is denoted as Aj. For any two
distinct replication instances k and ¢ (where k # ¢), the degree
of overlap between their corresponding feature sets Ay and Ay
is precisely quantified using the Jaccard coefficient as defined
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in Exp. (12):

J(Ak7Ae)=:£éﬁjlfgj,
‘Ak U A[|

where |Aj, N Ag| represents the cardinality of the intersection of
feature sets A;, and Ay, the number of features common to both
sets; correspondingly, | A, U Ay| is the cardinality of their union,
representing the total count of unique features across both sets.
A higher value of the Jaccard coefficient indicates a higher level
of intrinsic consistency between the attribution results generated
from the two replications.

Finally, an overall stability metric is constructed by aggregat-
ing the mean Jaccard coefficient from all possible pairs (amount-
ing to 10 pairs) across all five replications. If an explanation
method consistently maps to the same or highly similar feature
subsets in all replications, this average Jaccard coefficient will
tend towards a higher value, thereby characterizing the method
as possessing superior explanatory robustness.

Fidelity: To provide arigorous quantitative characterization of
the fidelity of the proposed methods—this being a core attribute
concerning their precise reproduction of a benchmark model’s
behavior—and to ensure this assessment deeply aligns with
the evaluation paradigms established in existing literature [27]—
[30], this study employs the Coefficient of Determination R?,
also frequently regarded as a goodness-of-fit index, as the key
quantitative metric for gauging this fidelity. The mathematical
construct of this metric is specifically elucidated as follows in
Exp. (13):

12)

R2=1-— M

Yy —9)?

where y; serves to characterize the true response, or alternatively,

the observed ground truth F'(z;) produced by the benchmark
model F(+) for the i-th specific input instance ;.

Correspondingly, y; represents the predicted response or ap-
proximate output g(x;) generated by an explanation mechanism
g(+), which aims to simulate the behavior of the benchmark
model F(-) or provide local intelligible approximations—for
the same input instance x;.

Furthermore, ¢ is defined as the sample mean of the
true response sequence {y;}7_;, where j is the sample
index.

Coarse-Grained Human Expert Matching: To evaluate ex-
planation methods for image classification that are based on
superpixels, let’s first define some basic concepts. Suppose M is
the image classification model we want to explain. For the input
image ¢ € RT*W*C | we use image segmentation algorithm
Q@ to divide the image & into n small regions called super-
pixels, denoted as {s1, $a,..., S, }. These superpixel regions
do not overlap and together they form the entire image, where
s;Ns; =0fori+#j,and|J; ;s =&

Next, we ask domain experts to identify the m superpixels
they believe contribute most significantly to the model’s clas-
sification result. We denote this set of expert-selected super-
pixels as U = {uy,ug,..., Uy}, and we assume the experts
also provide an importance ranking for these m superpixels.
At the same time, the interpretable algorithm we are evaluating

13)
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TABLE I
SUMMARY OF NOTATION IN SECTION III

Symbol  Definition
é Perturbed instance
Eseg Segmented image
Eorig Original instance
Epert Perturbation set

calculates an importance score F'(s;) for every superpixel s;.
Based on these scores, we select the top-m superpixels that
the algorithm considers most important, denoting this set as
K = {k1, ko, ..., kn},alsosorted from most to least important.

To quantify the consistency between the model’s explanations
and expert judgments, we introduce two evaluation metrics, the
ideas for which are drawn from the work of [29], [30].

First, we find the superpixels that are considered important
by both the experts and the XAI algorithm. We denote this set
of commonly selected superpixels as Hcommon = U N K. Let
Hcore denote the coarse-grained human expert matching, which
is calculated in Exp. (14):

o o ‘Hcommon|
score —
m

; (14)

where | Hcommon | 18 the number of commonly identified superpix-
els, and m is the total number of superpixels marked by experts.
A higher H indicates better accuracy by the algorithm in
identifying these superpixels.

Fine-Grained Human Matching: Let Mo denote the fine-
grained human matching score. This score is used to assess
whether the importance ranking given by the XAl algorithm is
consistent with the experts’ ranking for the commonly identified
important features. To do this, we need to define ‘concordant
pairs’ and ‘discordant pairs’. For any distinct pair of superpixels
(Sa, Sp) from Heommon- Let No and Np denote the count of
concordant pairs and discordant pairs, respectively.

The total number of pairs in Hcommon 1S Heommon (| Fcommon | =1)
The M. uses a calculation method similar to Kendall’s 7
coefficient as shown in Exp. (15):

M Ne — Np
eore |Hcommon‘(|Hcommon| - 1)/2
2(N¢ — Np)

= (15)
|Hcommon‘(|HC0mmon| - ]-)

Influence Time: Inference time refers to the total duration
required for the proposed explainable method to generate expla-
nations for the entire dataset. To ensure fairness of comparison,
all relevant time evaluations are executed on the same hardware
device.

D. Compare With the State of the Arts Method

Tables I and II aim to compare the performance of the
proposed PEXP method with that of previous research efforts.
This evaluation spans multiple backbone neural network ar-
chitectures, including MobileNet, ResNet, DenseNet, Vision
Transformer (ViT), and Vision GNN (VIG), and utilizes two
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TABLE II
COMPARISON WITH STATE-OF-THE-ART METHODS ON ANIMAL-10 DATASET

Zeiler & Fergus [31] (Baseline, 2014)

Ribeiro et al. [27] (LIME, 2016)

Model

J T R2 T HSCD!‘E T MSCOI’e T J T R2 T HSCO!‘E T Mscore T
MobileNet  0.46 0.53 0.54 0.52 0.73 0.76 0.68 0.65
ResNet 0.46 0.51 0.46 0.50 0.73 0.77 0.71 0.60
DenseNet 0.46 0.52 0.50 0.51 0.73 0.76 0.76 0.58
ViT 0.46 0.50 0.50 0.50 0.73 0.83 0.81 0.52
ViG 0.46 0.48 0.46 0.48 0.73 0.78 0.79 0.54

Lundberg & Lee [28] (KernelSHAP, 2017) Liu et al. [35] (HIDTWM, 2024)

J T R2 T Hscore T MSCOTE T J T R2 T Hscore T Mscore T
MobileNet  0.71 0.77 0.69 0.66 0.75 0.78 0.70 0.67
ResNet 0.71 0.78 0.72 0.61 0.75 0.79 0.73 0.62
DenseNet 0.71 0.77 0.76 0.59 0.75 0.78 0.78 0.60
ViT 0.71 0.84 0.82 0.53 0.75 0.85 0.83 0.54
ViG 0.71 0.77 0.70 0.55 0.75 0.81 0.72 0.58

Jiang et al. [30] (RealEXP, 2025) The proposed PEXP

J T R2 T HSCOI'G T MSCOI‘C T J T R2 T Hscore T Mscore T
MobileNet  0.83 0.85 0.78 0.71 0.88 0.87 0.82 0.73
ResNet 0.83 0.86 0.81 0.66 0.88 0.88 0.84 0.77
DenseNet 0.83 0.85 0.86 0.64 0.88 0.91 0.90 0.71
ViT 0.83 0.94 0.92 0.58 0.88 0.96 0.94 0.61
ViG 0.83 0.81 0.83 0.62 0.88 0.86 0.91 0.64

TABLE III
COMPARISON WITH STATE-OF-THE-ART METHODS ON ANIMAL-151 DATASET

Model Zeiler & Fergus [31] (Baseline, 2014) Ribeiro et al. [27] (LIME, 2016)

‘] T R2 T HSCOI‘G T MSCOI‘E T J T R2 T Hscore T MSCOI‘G T
MobileNet  0.46 0.43 0.42 0.41 0.73 0.64 0.53 0.55
ResNet 0.46 0.44 0.30 0.41 0.73 0.68 0.53 0.53
DenseNet 0.46 0.41 0.36 0.45 0.73 0.62 0.71 0.36
ViT 0.46 0.44 0.30 0.45 0.73 0.67 0.61 0.23
ViG 0.46 0.42 0.33 0.42 0.73 0.65 0.65 0.42

Lundberg & Lee [28] (KernelSHAP, 2017) Liu et al. [35] (HIDTWM, 2024)

J T R2 T Hscore T MSCOI‘C T J T R2 T HSCOI‘E T MSCOI'G T
MobileNet  0.71 0.63 0.51 0.54 0.75 0.66 0.55 0.58
ResNet 0.71 0.69 0.52 0.54 0.75 0.71 0.55 0.53
DenseNet 0.71 0.62 0.64 0.37 0.75 0.58 0.73 0.38
ViT 0.71 0.68 0.63 0.42 0.75 0.69 0.64 0.43
ViG 0.71 0.66 0.62 0.44 0.75 0.63 0.59 0.34

Jiang et al. [30] (RealEXP, 2025) The proposed PEXP

J T R2 T HSCOI‘Q T MSCO!‘e T J T R2 T HSCOI‘S T Mscore T
MobileNet  0.83 0.73 0.56 0.51 0.88 0.76 0.59 0.52
ResNet 0.83 0.66 0.65 0.51 0.88 0.69 0.66 0.53
DenseNet 0.83 0.70 0.67 0.52 0.88 0.72 0.67 0.54
ViT 0.83 0.84 0.82 0.48 0.88 0.86 0.88 0.52
ViG 0.83 0.82 0.77 0.51 0.88 0.83 0.84 0.51

image datasets: Animal-10 and the more challenging Animal-
151. Performance is measured using four core metrics: Jaccard
index (J), Coefficient of Determination (R?), Hit Rate (Hcore),
and Ranking Consistency (Mgore), With higher values being
desirable for all.

On the relatively simpler Animal-10 dataset, the PEXP
method comprehensively surpassed all compared methods, in-
cluding baseline approaches [31], LIME [27], KernelSHAP [28],
HIDTWM [35], and the advanced RealEXP [30], achieving top
scores across all metrics and backbone models. Specifically, the

proposed PEXP achieved a Jaccard index of 0.88 across all mod-
els, its R? score reached as high as 0.96 on ViT, with VIG also
showing strong performance at 0.81. The H.o Was outstanding
across all architectures (e.g.,0.94 on ViT and 0.83 on VIG). The
Meore Was also leading, with a notable improvement on ResNet
(0.77 compared to RealEXP’s 0.66), and VIG achieving 0.64,
although ViT’s Mcore (0.61) was slightly less prominent than its
advantages in other metrics.

When faced with the more complex Animal-151 dataset, the
performance metrics of all methods generally declined, further
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Fig. 9. Compare with influence time in Animal-10 dataset.

highlighting the difficulty of generating high-quality explana-
tions on this dataset. Even so, the proposed PEXP method main-
tained its leading position. Its J remained stable at 0.88 across
all models, and while its R? scores decreased, they remained
the best (e.g., 0.86 on both ViT and VIG). The Hge also
maintained strong performance (e.g., 0.88 on ViT and 0.84 on
VIG). The decline in Mo Was more widespread and significant
(the proposed PEXP generally scored between 0.52—0.54 on this
dataset, with VIG achieving 0.54), reflecting that feature ranking
consistency is a major challenge in the current XAl field.

Overall, the proposed PEXP method not only demonstrated
optimal performance on both datasets, continuously surpassing
previous SOTA methods (like RealEXP [30]), but also exhibited
good robustness to dataset complexity, high fidelity to model
behavior (high R? values), the ability to accurately identify
features considered important by experts (high Hgore), and
improvements in feature ranking consistency (relatively high
Mieore)- The proposed PEXP method can efficiently adapt to
different types of network architectures, from various CNNs to
transformer-based models (ViT) and graph-based models (VIG),
and its effectiveness in terms of fidelity and feature identification
is particularly prominent when combined with ViT and VIG
architectures.

The experimental results have validated the correctness of
Theorem 1. Moreover, regarding fidelity and human expert
evaluations, the results indicate that the proposed Parallel Tree
method, when constructing a proxy model to explain the original
model, is more effective than methods employing traditional
ensemble tree models, ridge regression, or linear regression as
proxy models.

Fig. 9 clearly illustrates a comparison of the inference time
required by different XAI methods to generate explanations
on the Animal-10 dataset. Most strikingly, the proposed PEXP
method demonstrates significant superiority in computational
efficiency, completing the explanation task for the entire dataset
in only 46 hours. In comparison, several other mainstream meth-
ods, including Jiang et al.’s [30] RealEXP method (105 hours),
Liu et al.’s [35] HIDTWM method (116 hours), Ribeiro et al.’s
[27] LIME method (118 hours), Zeiler & Fergus’s [31] baseline
method (131 hours), and Lundberg & Lee’s [28] KernelISHAP
(135 hours), all require considerably longer times, with their
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processing durations generally ranging from 105 to 135 hours.
Specifically, the proposed PEXP’s inference time is substantially
lower than all other compared methods; for instance, its time
consumption is less than fifty percent of that of the second-fastest
method by Jiang et al. and only approximately one-third of that
required by the slowest method, KernelSHAP [28] by Lundberg
& Lee. This result strongly demonstrates that the proposed
PEXP method not only excels in explanation effectiveness but
also possesses outstanding computational efficiency. This high
efficiency further corroborates the conclusion of Theorem 3,
which states that employing parallel processing can effectively
reduce inference time.

Fig. 10 aims to compare the effectiveness of the proposed
explainable method through statistical experiments. A consoli-
dated analysis of these statistical experimental results for Hore
(subplot a), Mycore (subplotb), and R? (subplot c) reveals that the
proposed PEXP method consistently and significantly surpasses
all compared methods, including Baseline [31], LIME [27],
KernelSHAP [28], HIDTWM [35], and RealEXP [30], across all
three core evaluation metrics and for various backbone network
models (MobileNet, ResNet, DenseNet and ViT). Furthermore,
this performance advantage is highly statistically significant
(P < 0.001). Overall, the performance on these metrics gen-
erally improves progressively with the evolution of explanation
methods from earlier stages to the proposed PEXP.

Specifically, for the proposed PEXP method, it achieves ex-
ceptionally high and stable performance levels in Hqore (medi-
ans between 0.8 and 0.95) and R? score (medians between 0.85
and 0.97), with particularly outstanding results when combined
with advanced backbone networks like ViT and DenseNet; its
compact box plots also indicate consistency. In terms of Mcore,
the proposed PEXP also demonstrates the best performance,
especially when applied to CNN models (such as MobileNet,
ResNet, DenseNet), where medians can reach a high level of
0.7 to 0.78. However, it is noteworthy that the proposed PEXP’s
Mi.ore When combined with the ViT model (median 0.6 to
0.62), while still leading other methods’ performance on ViT,
is slightly lower compared to the proposed PEXP’s M.y on
CNN models and its own excellent Hyeope and R? scores. This
might reflect specific challenges in the ranking consistency of
feature importance for ViT model explanations.

In summary, the proposed PEXP method achieves compre-
hensive and statistically significant improvements in key dimen-
sions of explainability, including feature identification accuracy,
model behavior fidelity, and feature ranking consistency. Fur-
thermore, this once again substantiates the assertion of Theo-
rem 1, that employing a strategy of generating perturbed samples
based on data distribution helps to improve the stability of the
explanation method’s performance. Fig. 10 aims to compare the
effectiveness of the proposed explainable method through sta-
tistical experiments. A consolidated analysis of these statistical
experimental results for Hore (subplot a), Mycore (Subplot b),
and R? (subplot c) reveals that the proposed PEXP method con-
sistently and significantly surpasses all compared methods, in-
cluding Baseline [31], LIME [27], KerneISHAP [28], HIDTWM
[35], and RealEXP [30], across all three core evaluation metrics
and for various backbone network models (MobileNet, ResNet,
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0.7 to 0.78. However, it is noteworthy that the proposed PEXP’s
Micore When combined with the ViT model (median 0.6 to
0.62), while still leading other methods’ performance on ViT,
is slightly lower compared to the proposed PEXP’s M.y 0on
CNN models and its own excellent Hyore and R? scores. This
might reflect specific challenges in the ranking consistency of
feature importance for ViT model explanations.

In summary, the proposed PEXP method achieves compre-
hensive and statistically significant improvements in key dimen-
sions of explainability, including feature identification accuracy,
model behavior fidelity, and feature ranking consistency. Fur-
thermore, this once again substantiates the assertion of Theo-
rem 1, thatemploying a strategy of generating perturbed samples
based on data distribution helps to improve the stability of the
explanation method’s performance.

Fig. 10 aims to compare the effectiveness of the proposed
explainable method through statistical experiments. A consoli-
dated analysis of these statistical experimental results for Hore
(subplot a), Mycore (subplotb), and R? (subplot c) reveals that the
proposed PEXP method consistently and significantly surpasses
all compared methods, including Baseline [31], LIME [27],
KernelSHAP [28], HIDTWM [35], and RealEXP [30], across all
three core evaluation metrics and for various backbone network
models (MobileNet, ResNet, DenseNet and ViT). Furthermore,
this performance advantage is highly statistically significant
(P < 0.001). Overall, the performance on these metrics gen-
erally improves progressively with the evolution of explanation
methods from earlier stages to the proposed PEXP.

Specifically, for the proposed PEXP method, it achieves
exceptionally high and stable performance levels in H.ope
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Fig. 11. A visual example.

(medians between 0.8 and 0.95) and R? score (medians be-
tween 0.85 and 0.97), with particularly outstanding results
when combined with advanced backbone networks like ViT and
DenseNet; its compact box plots also indicate consistency. In
terms of Mgcore, the proposed PEXP also demonstrates the best
performance, especially when applied to CNN models (such as
MobileNet, ResNet, DenseNet), where medians can reach a high
level of 0.7 to 0.78. However, it is noteworthy that the proposed
PEXP’s M.ore when combined with the ViT model (median 0.6
to 0.62), while still leading other methods’ performance on ViT,
is slightly lower compared to the proposed PEXP’s M. ON
CNN models and its own excellent Hy.or and R? scores. This
might reflect specific challenges in the ranking consistency of
feature importance for ViT model explanations.

In summary, the proposed PEXP method achieves compre-
hensive and statistically significant improvements in key dimen-
sions of explainability, including feature identification accuracy,
model behavior fidelity, and feature ranking consistency. Fur-
thermore, this once again substantiates the assertion of Theo-
rem 1, thatemploying a strategy of generating perturbed samples
based on data distribution helps to improve the stability of the
explanation method’s performance.

Fig. 11 aims to, through a concise visual example, intu-
itively compare the quality of explanations generated by dif-
ferent interpretable methods and emphatically highlight the
superiority of the proposed PEXP method. Observing the visual
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TABLE IV
COMPARISON OF DIFFERENT PERTURBATION DATA GENERATION STRATEGIES
ON ANIMAL-10 AND ANIMAL-151 DATASETS

Animal-10
Strategy J T R2 T Hscore T Mscore T
Random 0.72 0.74 0.66 0.63
Fixed 0.82 0.83 0.77 0.69
Data Distribution  0.88 0.87 0.82 0.73
Animal-151
Strategy J T R2 T Hscore T Mscore T
Random 0.72  0.64 0.53 0.55
Fixed 0.80  0.77 0.55 0.51
Data Distribution  0.88 0.76 0.59 0.52

explanations generated by the proposed PEXP for the puppy in
the image, it is clear that its understanding and presentation of
the image subject far surpass those of other compared methods.
The proposed PEXP’s explanations accurately and completely
focus on the puppy itself; its highlighted key regions precisely
delineate the puppy’s contours, containing almost no irrelevant
background interference and omitting no important parts of the
subject. Crucially, in the three repeated explanations, the pro-
posed PEXP consistently provides highly uniform results, which
fully demonstrates the stability and reliability of its explanations.
The above provides a comparison of our proposed method with
the latest relevant research. In the next section, we will introduce
the ablation studies.

E. Ablation Experiments

This section will introduce the ablation experiment. It is worth
noting that considering the cost of inference, the explanation
model of the experiment is set to MobileNet.

Table IV clearly demonstrates the significant performance
improvements achieved by employing the “Data Distribution”
(perturbation based on data distribution) strategy compared to
“Random” and “Fixed” strategies on both the Animal-10 and
Animal-151 datasets. The evaluation is based on four metrics:
J? RQ, Hscore and Mscore~

Particularly noteworthy is that on the Animal-10 dataset, the
“Data Distribution” strategy exhibited a comprehensive leading
advantage, achieving the highest scores across all evaluation
metrics (J = 0.88, R? = 0.87, Hyore = 0.82, Mycore = 0.73).
This significantly surpassed the other two compared methods,
fully demonstrating its exceptional capabilities in this scenario.
Even on the more challenging Animal-151 dataset, where scores
for all metrics were generally lower, the “Data Distribution”
strategy still showcased its strong competitiveness and core
advantages: it continued to maintain a leading position in the
key metric of J, as high as 0.88, far exceeding other methods.
Although its R? score (0.76) was very close to and only slightly
lower than the top score from the “Fixed” strategy (0.77), and its
Mieore (0.52) was also slightly below the specific performance of
the “Random” strategy (0.55), considering “Data Distribution’s”
significant lead in the other two important metrics and its perfect
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TABLE V
COMPARISON OF DIFFERENT PTOXY MODELS ON ANIMAL-10 AND
ANIMAL-151 DATASETS

Animal-10
Proxy Model JT R21  Hscore?T Mscore T
Ridge Regression  0.88  0.72 0.66 0.63
Decision Tree 0.88 0.74 0.68 0.66
Random Forest 0.88 0.83 0.71 0.69
XGBoost 0.88  0.83 0.79 0.71
Parallel Tree 0.88 0.87 0.82 0.73

Animal-151
Proxy Model JT  R?21  HscoreT Mscore T
Ridge Regression  0.88  0.62 0.46 0.48
Decision Tree 0.88 0.72 0.55 0.44
Random Forest 0.88 0.73 0.56 0.35
XGBoost 0.88  0.74 0.55 0.51
Parallel Tree 0.88  0.76 0.59 0.52

performance on the Animal-10 dataset, its overall performance
remains highly outstanding and robust.

These results strongly demonstrate that the perturbation strat-
egy based on data distribution is an efficient and, in most cases,
more superior method, capable of providing a more reliable and
powerful benchmark for interpretability analysis. The results
of the ablation studies also once again validated the theoretical
advantages proposed in Theorem 1 and Theorem 2.

Table V aims to clearly demonstrate the significant advantages
of Parallel Tree as a proxy model by comparing the performance
of different proxy models, including Ridge Regression, Decision
Tree, Random Forest, XGBoost, and our focus, Parallel Tree on
the Animal-10 and Animal-151 datasets. The evaluation is based
on four key metrics: J, R?, Hyore, and Mycore. A noteworthy
phenomenon is that the instability of explanation results is
related to the sampling method and not the model, which also
validates Theorem 1 and Theorem 2.

When we examine the other three metrics that can better
differentiate the performance of proxy models, the superiority of
Parallel Tree becomes unequivocally apparent. On the Animal-
10 dataset, Parallel Tree achieved the highest scores in all three
metrics of R? (0.87), Hyore (0.82), and Mcore (0.73), signif-
icantly surpassing all other compared models, including XG-
Boost. Similarly, on the more challenging Animal-151 dataset,
where overall scores were generally lower, Parallel Tree once
again demonstrated a comprehensive lead, with its 22 score at
0.76, Hycore at 0.59, and M ore at 0.52, each higher than all other
proxy models.

In summary, Parallel Tree consistently achieves optimal per-
formance in the three key explanation quality assessment dimen-
sions of R?, Hyore, and Mcore across two datasets of varying
complexity.

Fig. 12 aims to compare the complexity of Parallel Tree with
commonly used ensemble proxy models such as Random Forest
and XGBoost. In terms of parameter count (subplot (a)), Parallel
Tree demonstrates an overwhelming advantage: its parameter
count is approximately 500 at a sample size of 106, far lower than
Random Forest (over 2 x 10%) and XGBoost (approximately
1.5 x 10%), differing by almost one to two orders of magnitude.
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Fig. 12.  Comparison of model complexity for Parallel Tree, Random Forest,
and XGBoost. The plots show (a) the number of parameters and (b) memory
usage as the sample size increases

Similarly, in terms of memory usage (subplot (b)), Parallel
Tree’s consumption is also significantly lower: at a sample size
of 10%, its memory consumption is approximately 270 MB,
whereas Random Forest and XGBoost consume as much as
approximately 700 MB and 600 MB, respectively. These results
clearly indicate that the Parallel Tree model is more concise and
lightweight. This implies that it is not only easier to understand
itself, faster to train, and has a lower risk of overfitting, but also
exhibits higher operational efficiency and better scalability in
practical deployment, especially in resource-constrained envi-
ronments and when handling large-scale datasets. Therefore, this
intuitive and compelling experimental data strongly re-validates
the theoretical advantages of the Parallel Tree model regarding
low complexity and high efficiency, as proposed in Theorem 2.

Fig. 13 illustrates the impact of different values of hyperpa-
rameters 7, and Jr (where both are always set to the same
value in the experiments) on the performance of the explanation
method on the Animal-10 and Animal-151 datasets. The figure
includes four different backbone network models and presents
the results for three core performance metrics: R?, Hycore, and
Mieore, Tespectively. A consistent trend can be observed across
all six subplots: regardless of the dataset, backbone model, or
performance metric being evaluated, the performance of the
explanation method typically exhibits a parabolic-like shape,
initially increasing and then decreasing as the parameter value
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(ur, = Br) increases. This implies the existence of an optimal
parameter value range where the explanation method achieves
its best performance. The light green shaded area and the star
markers on each curve (representing peak performance points)
in Fig. 13 clearly indicate that when the parameter value py, =
Br = 0.2, all models generally reach or approach their peak
performance across all metrics. This suggests that setting both
wr, and Br, to 0.2 is a relatively robust and optimal hyperpa-
rameter choice across different datasets, backbone models, and
evaluation dimensions. When the parameter value is less than
0.2 or greater than 0.2 and gradually moves further away, all
performance metrics show varying degrees of decline.

Fig. 14 aims to investigate how these performance metrics
change with the parameter A. A common pattern can be observed
from all six subplots: regardless of the dataset, the specific
backbone model, or the performance metric being evaluated, the
performance of the explanation method typically shows a trend
of first increasing and then gradually decreasing as the value of
parameter A increases. This clearly indicates that selecting an
optimal value or an optimal range for A is crucial for achieving
the best explanation results. The light green shaded area and
the star markers on each curve in the figure further clarify
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these optimal values. When the parameter A = 0.25, all models
generally reach or are very close to their peak performance
across the three metrics of R2, Hicore, and Micore; therefore,
A = 0.251s considered a key optimal hyperparameter setting for
this dataset. For the Animal-151 dataset, the data indicate that
the optimal A value tends more towards the vicinity of 0.2. When
the value of parameter A deviates from these respective optimal
values for each dataset, the performance metrics typically show
varying degrees of decline.This also validates Theorem 2 and
Theorem 7 in the Appendix regarding the analysis of kernel
bandwidth.

V. DISCUSSION AND LIMITATION

Currently, the distribution-aware perturbation strategy based
on superpixel segmentation and Laplace noise is only applicable
to continuous, spatially structured image data and cannot be
directly transferred to discrete text tokens or heterogeneous
tabular features. However, at a conceptual level, our proposed
“distribution-aware perturbation and parallel ensemble trees”
framework is inherently data-agnostic: as long as “perturba-
tions” are defined by reasonable sampling at the word or column
level, and sample weights are measured using word-embedding
similarity or columns’ conditional distributions, one can train
tree models on the weighted samples to achieve equally stable
and efficient explanations. In future work, we plan to incorporate
language-model-based word-level replacements and feature-
distribution-based column-level perturbations, and to build cor-
responding tree-based surrogate models for text classification
and structured-data tasks in order to validate and refine this
approach.

On the Animal-10 and Animal-151 datasets, PEXP, like
other leading explanation methods, exhibits relatively low fine-
grained matching scores (see Tables I and II). This is primar-
ily because the superpixels are too coarse to match the exact
boundaries marked by experts. The proposed distribution-aware
perturbations and tree ensembles are tuned for overall explana-
tion stability. As a result, they focus on large, salient regions
and may miss subtle semantic differences. Nevertheless, the
proposed PEXP still achieves the highest fine-grained matching
score compared to other methods.

In future work, we plan to adopt multi-scale, edge-aware
superpixel segmentation to better delineate detailed regions and
to develop a hybrid attention-tree surrogate model by integrating
attention weights from pretrained vision models with ensemble
tree importances, thereby improving alignment accuracy for
small but critical areas in complex images.

Moreover, while the proposed PEXP shows advantages in
visual explainability for CNN-based and Transformer-based
architectures, its performance and interpretability under highly
multimodal or language-dominant tasks (e.g., video—text re-
trieval or document classification) remain unexplored. In such
contexts, alternative approaches like SHAP or LIME may offer
better flexibility due to their model-agnostic nature and compat-
ibility with structured or sequential symbolic data. Additionally,
methods such as Grad-CAM-++ or RISE may outperform PEXP
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when the target model produces sparse or highly localized
saliency signals, such as in fine-grained object detection or
medical imaging tasks with low inter-region variance.

We acknowledge that these limitations highlight the impor-
tance of selecting appropriate explanation strategies based on
task characteristics, model architecture, and input modality. A
dedicated exploration of method selection trade-offs will be part
of our future research agenda.

The proposed framework relies on sample-based perturbation
generation and interprets model importance by observing the
resulting variations. Although such methods can be applied to
various deep learning models, they inevitably incur per-sample
computational overhead, hindering strict real-time operation in
large-scale scenarios. Despite implementing a series of signifi-
cant optimizations that have yielded a substantial speed-up over
previous studies, this class of methods fundamentally cannot
meet hard real-time latency requirements. In future work, we will
explore adaptive or streaming perturbation strategies to further
reduce per-frame computation and close the gap toward true
real-time deployment.

Practical Resource Constraints and Overheads. While PEXP’s
parallel tree—based architecture delivers substantial speed-ups
in surrogate model training and explanation generation, its
real-world performance is inherently bound by the underlying
compute infrastructure. Factors such as the number and type
of available GPUs/CPUs, memory capacity and bandwidth, and
interconnect latency can limit the degree of parallelism achiev-
able. In distributed or multi-node deployments, communication
and synchronization overhead among workers may increasingly
offset speed-up as the ensemble size grows. Moreover, the
data-distribution perturbation sampling and kernel-weighting
stages introduce additional memory and compute costs that
must be factored into deployment planning. In our two-GPU
experiments, for example, sample generation and inter-device
data transfers accounted for roughly 20% of the total runtime.
To mitigate these constraints, PEXP can leverage asynchronous
execution, model sharding, and optimized data pipelines. Fu-
ture work will quantitatively evaluate these overheads under
varying resource budgets and explore advanced scheduling
strategies to maximize performance under realistic hardware
limits.

Memory—Performance Trade-off: As shown in Fig.30 (see
Appendix), the efficiency is demonstrated under controlled ex-
perimental settings with moderate model and dataset scales;
when scaling to multimodal tasks or very large ensemble sizes,
memory bottlenecks from response-matrix construction and
inter-device communication may still arise, requiring further
optimization such as streaming perturbations or asynchronous
pipelines.

Boundary Conditions: As shown in Fig. 14, As shown in
Fig. 14, although the experimental results on the two benchmark
datasets are consistent with the conclusions of Theorems 2 and
7, whether the method can remain stable under more complex
distributional scenarios remains an open question. Future work
may investigate the use of automated optimization techniques
to address this challenge.

Authorized licensed use limited to: Tamkang Univ.. Downloaded on July 14,2026 at 01:58:37 UTC from IEEE Xplore. Restrictions apply.



JIANG et al.: PEXP: A SCALABLE PARALLEL TREE-BASED FRAMEWORK FOR INTERPRETING MODELS ON BIG DATA

VI. CONCLUSION

This paper introduces a Parallel Explainer (PEXP) that ef-
fectively enhances interpretation stability and computational
efficiency through data distribution perturbation and parallel
tree construction techniques. Its primary advantage lies in out-
performing other mainstream methods on the Animal-10 and
Animal-151 image benchmark datasets, particularly in terms of
runtime speed and explanation accuracy. The model-agnostic
design of PEXP allows its application across various deep
learning architectures. This technology demonstrates significant
application potential in fields such as smart cities and security
monitoring, providing crucial support for building trustworthy
Al systems. Notably, the proposed PEXP enables enhanced
interpretability of a modified Transformer module. Furthermore,
the proposed PEXP not only achieves breakthroughs in perfor-
mance but also provides a theoretical basis for its methodology
through mathematical theorems, reflecting a combination of
theory and practice.
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