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Abstract

The learnware paradigm aims to construct a dock
system that maintains a collection of learnwares,
each consisting of a well-established model cou-
pled with a specification, thereby enabling users
to directly reuse existing models to solve their
tasks without training models from scratch. As
a core component of the paradigm, the specifica-
tion sketches the model’s properties and establishes
reusability between the learnwares and user tasks.
Existing methods have demonstrated promising
performance by designing specifications that char-
acterize the task distributions mastered by well-
established models. However, in complex real-
world scenarios, task distributions often overlap,
thereby weakening the uniqueness of specifications
and obscuring the reusability relationships between
learnwares and tasks. In this paper, we design an
Explicitly Distinctive Specification (EDS) that en-
forces specification uniqueness, improving the dis-
criminative capability of the learnware paradigm
and avoiding ambiguity caused by overlapping task
distributions. This specification’ method explic-
itly leverages distributional discrepancies between
specifications to strengthen the uniqueness of the
model properties sketched during the submitting
stage, and subsequently exploits the enhanced dis-
tributional discriminability in the deploying stage
to improve learnware reusability. Extensive experi-
ments demonstrate the effectiveness and strong per-
formance of the proposed EDS within the learnware
paradigm under complex task scenarios.

1 Introduction

Recent advances in machine learning, along with its expand-
ing real-world applications, have led to the proliferation of
diverse models [Jordan and Mitchell, 2015]. However, under
the conventional machine learning paradigm, models are typ-
ically constructed from scratch for each task, a process that
entails substantial resource demands [Ye et al., 2021]. Specif-
ically, effective model development often requires the simul-
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taneous availability of large-scale labeled datasets [Anaby-
Tavor et al., 2020], high-performance computational infras-
tructure [Shazeer and et al., 2018], and extensive domain
expertise [von Rueden er al., 2019], which together signif-
icantly raise the barrier to practical deployment. Moreover,
constraints imposed by data privacy and proprietary consid-
erations further hinder model development and reuse across
tasks [Shejwalkar and Houmansadr, 2021].

The learnware paradigm [Zhou, 2016] provides a system-
atic approach to addressing these intertwined challenges by
introducing a learnware dock system that aggregates reusable
learnwares, each consisting of a well-established model and a
corresponding specification describing its specialty. Through
specification-guided retrieval, users can directly reuse exist-
ing models to solve diverse tasks without retraining. The
learnware paradigm consists of two stages: (1) the submit-
ting stage, during which developers upload well-established
models, and the dock system automatically assigns appropri-
ate specifications to form learnwares; and (2) the deploying
stage, in which the dock system searches for specifications
that best match users’ specific tasks and subsequently reuses
the corresponding learnware models to solve those tasks.

Therefore, it is evident that specification generation lies at
the core of the submitting stage, as it sketches the task distri-
bution that the model has mastered and establishes reusabil-
ity relationships between learnwares and user tasks. Exist-
ing methods primarily construct specifications via distribu-
tion alignment, using limited data to approximate the task dis-
tribution learned by each model. While effective at preserv-
ing distributional consistency, these approaches treat specifi-
cations independently and ignore inter-specification relation-
ships, leading to overlapping descriptions, reduced discrim-
inability, and ambiguous model-task matching.

Furthermore, the specification is equally critical in the de-
ploying stage. Under the task recurrence assumption [Wu et
al., 2023], learnware retrieval can be achieved through direct
specification matching. Under the more general instance re-
currence assumption [Wu et al., 2023], instance-level model
selection becomes necessary, typically by training a learn-
ware index selector on mimic samples generated to approxi-
mate user tasks. However, existing methods usually generate
such samples at a coarse task level based on specifications,
overlooking the intrinsic multimodal structure of real-world
data. This limitation results in insufficient sample diversity,
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weakens the selector’s generalization ability, and ultimately
degrades deployment performance.

Overall, existing methods lack explicit discriminative con-
siderations at the submitting stage and suffer from insuffi-
cient diversity in mimic data generation during the deploying
stage. To address these limitations, we propose an Explicitly
Distinctive Specification (EDS), which explicitly enforces
specification uniqueness during the submitting stage. Specifi-
cally, EDS incorporates a discriminative penalty that enlarges
the margin between newly generated specifications and ex-
isting ones, thereby enhancing the discriminative capability
of the learnware paradigm and alleviating ambiguous iden-
tification of user-relevant learnwares caused by specification
overlap. Building upon these discriminability-enhanced spec-
ifications, we generate mimic data during the deploying stage
by exploiting their class-level structural information and local
statistical characteristics adaptively, ensuring alignment with
user requirements while enhancing sample diversity. Exten-
sive experiments on both synthetic and real-world datasets
demonstrate that EDS consistently improves learnware iden-
tification accuracy and model reuse performance in the learn-
ware paradigm.

2 Related Works

The learnware paradigm [Zhou, 2016] enables systematic
model reuse by solving tasks through existing learnware, in-
stead of designing and training models from scratch. This
effectively alleviates several critical bottlenecks in practical
artificial intelligence deployment, including resource con-
straints, data privacy concerns, and the burden of repetitive
model development [Zhou and Tan, 2024]. In this paradigm,
learnware incorporates a well-established model and a'spec-
ification that sketches its capabilities. Hence, the key to
systematically managing and reusing learnware lies in these
specifications [Tan et al., 2024c].

As a cornerstone of the learnware paradigm, specification
generation in the submitting stage has become a central re-
search focus, aiming to construct representations that effec-
tively characterize the distinctive capabilities of individual
models [Chen et al., 2025b]. Early work introduced Reduced
Kernel Mean Embeddings (RKME) to generate specifications
by approximating task data distributions in the RKHS [Wu
et al., 2023], with subsequent theoretical analysis demon-
strating its strong privacy-preserving properties [Lei er al.,
2024]. Building on RKME, a series of studies have extended
specification generation to increasingly challenging scenar-
ios, including unseen user tasks [Zhang er al., 20211, hetero-
geneous feature spaces [Tan er al., 2024b; Tan et al., 2023;
Tan et al., 2024a], and heterogeneous label spaces [Guo et
al., 2023]. In addition, Chen et al.[2025b] replaced ker-
nel mean embeddings with random neural embeddings, alle-
viating the strong dependence of RKME-based methods on
kernel selection. By further exploiting models’ latent dis-
criminative representations, random neural embeddings en-
able more precise specifications and naturally support het-
erogeneous label scenarios [Chen et al., 2025al. However,
existing specification approaches mainly emphasize intra-
specification distribution alignment, while largely overlook-

ing inter-specification discriminability. In real-world scenar-
ios with overlapping task distributions, this limitation leads
to blurred specification boundaries and ambiguous learn-
ware—task associations, thereby impairing effective model
identification and reuse.

As for the deploying stage, since it pertains to the appli-
cation of generating specifications, few methods focus solely
on this stage [Xie er al., 2023]. Most existing approaches
adopt RKME’s kernel herding strategy to produce synthetic
data that approximates user data. However, the reliance on
kernel functions imposes limitations and significant compu-
tational costs. In contrast, Chen et al.[2025b] generate mimic
data using a multivariate normal distribution, avoiding the
challenges associated with kernel selection. Nevertheless, the
task-level statistical generation constrains sample diversity,
undermining the generalization of learnware selectors.

To overcome the limited discriminability of specifications
at the submitting stage and the insufficient diversity of mimic
data during deploying stage, we introduce an Explicitly Dis-
tinctive Specification (EDS) that enhances the uniqueness of
learnwares in the submitting stage and further investigates
their internal characteristics to increase the diversity of mimic
data within the deploying stage.

3 Preliminary

The learnware paradigm is organized into two key stages,
namely the submitting stage and the deploying stage.

The submitting stage. During this stage, each developer
i € [¢] can autonomously submit the learnware dock system
a well-established model f; trained on private dataset D; =
{(zin, yiyn)}ﬁf;l corresponding task T; = {P;, fi},i €
{1, ...,c}, where P; is a distribution based on the input space
X. fi : X = Y is a well-established model that transforms
X to the output space ), and satisfies

v(aji,na yi,n) € D;, f(wz,n) = Yin,

st. Vi€ {i,---,c},Vn e [N]. M

Then, the dock system generates a specification ® approxi-
mating of the model’s mastery distribution to characterize its
capabilities, expressed as:

l(Px) = u(Pa)II*, 2)

where p(-) denotes a distribution function that characterizes
the underlying distributional pattern. Currently, the main-
stream RKME method characterizes distributions via kernel
mean embedding, whereas the LANE method employs ran-
dom neural embedding for distribution characterization. De-
tailed descriptions of these methods are provided in supple-
mentary material A and B. Finally, the specification ®; and
its corresponding well-established model f; jointly constitute
a learnware (f;, ®;), which is then stored in the dock system
to facilitate subsequent reuse.

The deploying stage. In this stage, a user aims to solve a re-
quirement task T := {Py, f } with, that is, to obtain a model
f capable of addressing 7' by minimizing L(Pyg, .f) 2
Ez~p, [L(f(2), f(&))] with the assistance of the learnware
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Figure 1: The learnware paradigm of EDS, LANE and RKME. Notably, in the submission phase, compared with RKME and LANE, the
light and dark green representations generated by EDS for different tasks exhibit significantly greater discriminability. Furthermore, during
the deployment stage, the mimic samples generated by EDS are more widely dispersed, indicating enhanced diversity over the other two
methods. The enhanced discriminability of specifications, combined with the increased diversity of mimic samples, collectively empowers
EDS to attains superior performance in achieving accurate and efficient model reuse.

dock system. Specifically, the paradigm stipulates that the SVM) on mimic data X™"™#¢ useful learnware models can
dock system identifies useful learnwares capable of address- be matched to appropriate task portions, thereby enabling the
ing user tasks based on existing specifications and subse- effective reuse of well-established models to solve user tasks.
quently returns them to the user. Formally speaking, the user

task 7" has a distribution relationship with the specifications -~ 4 Methodology

in the dock system, expressed as Py = > i1 wiPx,, repre- Existing specification methods are primarily designed to
senting the reusability relat10n§h1p between the task and the achieve distributional alignment, with limited consideration
learnware. Hence, the process is formulated as follows: of discriminative separability among specifications. Indeed,
c 2 in complex real-world scenarios, task distributions often ex-

min ||u(Pyg) — Z wip(Pe)|| ) hibit sqbstantial overlap. This oversight.weakerlls spe.ciﬁca-

w = tion uniqueness and obscures the reusability relationships be-

. €) tween learnwares and user tasks. To overcome this limita-

st w; > 0,Vi € [d] and Z w; = 1. tion, we propose an Explicitly Distinctive Specification (EDS)

] method, as illustrated in Fig. 1. EDS explicitly exploits dis-

tributional discrepancies among specifications to enforce the

uniqueness of the model properties sketched during the sub-

mitting stage (EDS-S), and further exploits the enhanced dis-

tributional discriminability in the deploying stage (EDS-D) to
improve learnware identification and reuse.

where ®; denotes the i-th learnware specification in the learn-
ware dock system, and w; indicates the degree of usefulness
of the i-th learnware model for the user task. Then, to han-
dle tasks without background information (i.e., label informa-
tion), mimic data X "™ is generated according to Eq.(3) to
ensure that the mixture of useful specification distributions 4,1 The Submitting Stage
can effectively approximate the task distribution. Its formu-

L At this stage, we argue that, beyond distribution alignment,
lation is as follows:

enhancing discriminability among specifications is essential

xmimic _ {(m;mmw, i)}~ Z w; Py, , 4) for achieving clear specification uniqueness. This mitigates
o ambiguity caused by overlapping distributions and enables
where X™™¢ is the sample set with learnware index la- more accurate identification of user-relevant requirements in

bel. In learnware paradigms based on the RKME and LANE subsequent stages. Accordingly, the specification generation
methods, this process adopts different distribution sampling process is guided by two objectives: (1) intra-specification
strategies corresponding to their respective distribution char- distribution preservation, which ensures that each specifica-
acterizations, as detailed in supplementary material A and tion approximates its training data distribution at the class
B. Finally, by training a learnware index selector g(-) (e.g., level rather than over the entire dataset; (2) inter-specification
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discrimination, which explicitly exploits distributional dis-
crepancies among specifications to reinforce the uniqueness
of the model properties they sketch.

Intra-specification distribution preservation. To sketch
well-established model properties and establish reusability
relationships between learnwares and tasks, the specification
is designed to characterize the distribution mastered by the
model. Unlike RKME, which matches the full training data
distribution in a reproducing kernel Hilbert space (RKHS),
the proposed (EDS-S) employs random neural embedding to
achieve alignment at the class level, thereby maintaining dis-
tributional fidelity while enhancing structural semantics. As-
sume that the dataset D = {(,,, y,)}_; comprises K cate-
gories, where X = R%(x € X') denotes samples in the feature
space and ) = R¥(y € ) indicates their associated labels
in the label space. Then, for each class k, the method com-
putes the mean representations of samples from the original
dataset D and the specification ® = {(z,, ym)}n]\f:1 corre-
sponding to the k-th class in the embedding space 1),, [Zhao
and Bilen, 2021]. By minimizing their discrepancy, the model
drives ® to preserve the intra-class distributional structure
of D, thereby achieving distribution-preserving compression
that maintains both statistical fidelity and structural integrity.
The aforementioned process can be formalized as follows:

Lyivp = Eyp(o Z Z o (x

k= wGDk
2
5
T % ; Uo(2)]|| )

where the random initialize neural network v, : R — RY
maps high-dimensional inputs into a lower-dimensional latent
space (d' < d) with parameters v ~ P,.

Benefiting from random network 1), as stated in [Dong et
al., 2022], the above approach is able to represent the dataset
D using a small amount of data, while ensuring that the class-
level center of gravity of the D remains consistent with that
of the generated specifications ®.

Inter-specification discrimination. . Existing specification
methods primarily aim to minimize the distributional gap be-
tween the specification and the task distribution mastered by
the model, thereby ensuring statistical consistency. However,
due to the high complexity of real-world tasks, neglecting dis-
criminability among specifications can blur their boundaries,
resulting in insufficient distinctiveness and separation. This
deficiency weakens the ability of specifications to faithfully
represent the underlying models and introduces ambiguity in
subsequent model retrieval. Since each specification uniquely
corresponds to a learnware model in the learnware paradigm,
overlapping or poorly separated specifications may lead to
ambiguous model selection for boundary instances, whereas
well-separated specifications enable more decisive and reli-
able model identification.

To alleviate this issue, a discriminative regularization term
is introduced to explicitly generate distinctive specifications.
The core idea is to impose a “repulsive force” within the em-
bedding space, ensuring that each specification maintains an

independent feature orientation and a reasonable separation
from others. Formally, let the current specification data be
denoted as {2;};Z, and the previously obtained as {2/ }}Z,.
The discrimination regularization term is then defined as:

N
1
Leicri = ¥ Zmax (0,cos(zi, 2) — 4), (6)
i—1
(s1r2)) = 2% ™
cos(z;,2") = ——L
A A PREA P

Here, cos(z;, z ) denotes the cosine similarity between two
spemﬁcatlon representatlons and ¢ represents the similarity
margin that controls the allowable proximity between them.
By explicitly incorporating Lgicri, the proposed (EDS-S) is
guided toward generating specifications that exhibit both dis-
tinctiveness and diversity.

Overall. By integrating the intra-specification distribution
alignment and inter-specification discrimination, the overall
objective of EDS-S stage can be formulated as:

leiﬂ Lyivp + Ldicri- ®)

Consequently, by preserving class-level data distribution
through Lyvp and enhancing inter-specification distinctive-
ness through L., the proposed method yields more accu-
rate discriminative learnware, facilitating reliable identifica-
tion and reuse of learnware models. Based on Proposition
4.3 in [Chen et al., 2025a] and Theorem 1 in [Mohri and
Mufioz Medina, 2012], a theoretical upper bound for Lgjser
can be derived, as detailed in Appendix D, while the submit-
ting procedure is provided in Algorithm 1 of Appendix C. In
the following subsection, we describe how users leverage the
learnware dock system to solve their own tasks using the ex-
isting learnwares.

4.2 The Deploying Stage

During this stage, users submit their tasks to the learnware
dock system, which retrieves the learnware that best matches
user requirements without any background knowledge, en-
abling the reuse of either a single well-established model or
an appropriately selected ensemble of models.

Specifically, mixture weight estimation is first performed
to identify task-relevant learnwares. Subsequently, to address
task requirements without any prior background knowledge
and maintain the privacy-preserving property of the learnware
paradigm, a mimic dataset resembling the user requirements
is generated from these task-relevant learnwares, which is
then used to train a learnware index selector to choose appro-
priate learnware models for reuse. As the basis for training
the selector, the diversity of mimic data directly affects the
selector’s generalization ability and ultimately determines the
choice of reusable models. Building on this, in this deploy-
ing stage, our goal is to go beyond the intrinsic diversity nat-
urally provided by the specifications and additionally lever-
age their class-level characteristics to further enhance the di-
versity of the mimic data, thereby enabling more effective
instance-wise model selection.
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Assume that the user requirement is D = {(a&5)}2_|,
the specification generated based on this data is denoted as
P = {Z;}M . The system subsequently determines the most
compatible learnware by quantifying the correlation between
the requirement and existing learnware specifications, formu-
lated as follows.

N K;
. 1 .
S D MACEES 3 Bl IR
N3 i=1 k=1 ik 2ED;
c K;
st wi, >0,Vie[d, ke K]andZZw@k =1.
i=1 k=1

©))

Unlike previous approaches that estimate relevance only
at the task level, the proposed deploying stage based on EDS
(hereafter EDS-D) performs correlation estimation at the class
level within each task, enabling a more fine-grained decom-
position of user requirements. Accordingly, ®; ; denotes the
specification of the k-th class in the i-th learnware, while
w; 1, represents the correlation between the requirement and
®; ;. Following the above definitions, the weights satisfy
S S wik =1, with W = [wy ...,
cumulative term Zﬁl w; ; thus characterizes the contribu-
tion intensity of the ¢-th learnware toward fulfilling the re-
quirement.

After deriving the relevance, mimic datasets are con-
structed from the identified learnwares to facilitate the train-
ing of a specification selector without any prior knowledge
regarding the user task. Previous approaches [Chen er al.,
2025b] generate mimic training data by sampling from a mul-
tivariate Gaussian distribution, whose parameters are esti-
mated from the mean and covariance of specifications aggre-
gated at the task level. Such a coarse-grained generation strat-
egy neglects the inherent multi-modal structure of real data,
yielding mimic samples that fail to capture meaningful local
variations and consequently weakening the selector’s gener-
alization performance.

The distinctive specifications generated during the submis-
sion stage help mitigate this challenge, as they lead to in-
creased diversity in the mixture data generated from them.
Building on this, we further explore the class-level data struc-
ture and local statistical properties to enhance sample diver-
sity and discriminability for training the selector, thereby en-
abling more accurate model selection for each instance.

First, each specification ®; ; is divided into clusters, with
the cluster count automatically determined by the silhouette
coefficient according to Eq.(10).

b(i) — a(i)

wc,KC]T- The

=7 7/ 10
max{a(i), b)) (4o
. 1
ali) = mzc 2 = 2l (1n
%
b(i) = min |C| Z l2: = 24l (12)

Here, z; and z; are examples within the specification ®; j,
and C; denotes the class label of z;. Leveraging this ap-
proach, we can adaptively discern the local structural charac-
teristics of these specifications, effectively integrating them
into subsequent example generation.

For each obtained cluster C;, the local statistical features
are represented by the mean vector mean(z;) and covariance
matrix 3; of the contained samples. Based on these statistics,
mimic data can be sampled according to (13).

.. mimic
{ X;mmlc } i

n=1

~ N (mean (z;), p(S;i) - ;) , (13)

where N — N S ;1. /|C, and p(S;) = exp(1 —
S;). This strategy adaptively modulates the generation be-
havior according to the clarity of cluster structures: when
clusters are well-defined, the generated samples concentrate
around cluster centers; conversely, in regions with ambiguous
cluster boundaries, the generation-becomes more dispersed to
account for structural uncertainty. Once the mimic data are
generated, they are combined with their corresponding speci-
fication indices to form a training set for learning a learnware
selector g(-), enabling each instance within the user’s task to
be assigned to the most relevant learnware.

The utilization of the above class-level structural patterns
and local statistical properties within obtained distinctive
specifications overcomes the limitations of a single Gaussian
distribution in preserving structural integrity and represent-
ing complex data distributions [Chen ef al., 2025b], thereby
enabling the generated mimic data to maintain overall dis-
tributional consistency while substantially enhancing inter-
sample diversity. As a result, the learned learnware index se-
lector exhibits stronger generalization and enables more pre-
cise model selection. The detailed procedure of the entire
deploying stage is provided in Algorithm 2 of Appendix C.

S Experiments

5.1 Experimental Setup

Datasets. To validate the learnware paradigm, we derive
datasets from CIFARIO0 [Krizhevsky, 2009] and Tinylma-
geNer200 [Le and Yang, 2015] and reconstruct them accord-
ingly. CIFARIOO consists of 100 classes that can be orga-
nized into 20 superclasses, while TinylmageNet200 contains
200 classes that can be grouped into 40 superclasses. This
superclass hierarchy fits well with the learnware paradigm, as
each superclass corresponds to a distinct task. In the submit-
ting stage, models trained on the superclass-defined tasks, to-
gether with their specifications, are packaged into learnwares
and submitted to the learnware dock system. During the de-
veloping stage, the system then retrieves one or more learn-
wares whose specifications best align with the user’s task.

Implementation Details. To ensure a fair comparison and
eliminate variability arising from different feature extractors,
all learnware-based baselines adopt the same ResNetl10
backbone for image representation. Moreover, in submitting

'ResNet110 is trained by using the command provided at
https://github.com/bearpaw/pytorch-classification/blob/master/
TRAINING.md
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Figure 2: Visualization of training data and their corresponding specifications from a task-oriented perspective

stage, the stochastic network 1y used in LANE [Chen ef al.,
2025b] and the proposed EDS is implemented using the Con-
vNetBN [Rawat and Wang, 2017] architecture. In the deploy-
ing stage, the learnware index selector is realized via an SVM,
which assigns the most relevant learnware to each require-
ment instance. More implementation details are illustrated in
Appendix D.

Mixed tasks 1 2 5 10 20
MAX 67.64 68.56 67.86 67.38 67.61
HRM 68.91 68.15 68.28 67.98 67.75
RKME 84.04 81.78 78.17 66.11 66.29
LANE 84.53 83.65 77.87 72.21 67.63
EDS 85.06 83.94 78.18 72.87 68.94

Table 1: Results of CIFAR100 in Accuracy(%).

Mixed tasks 1 2 3 4 5
MAX 64.74 64.54 66.03 66.08 60.55
HMR 65.05 64.85 66.37 66.09 60.77

RKME 87.88 73.82 68.23 62.19. 59.61
LANE 90.48 76.16 69.92 65.07 61.02
EDS 90.48 76.80 70.47 66.20 61.57

Table 2: Results of TinyImageNet200 in Accuracy(%).

5.2 Comparison to State-of-The-Art Methods

To demonstrate the effectiveness and superiority of the pro-
posed EDS method, we conduct comparative experiments
against four approaches: a naive baseline MAX, HMR [Wu et
al., 2019], RKME [Wu et al., 2023], and LANE [Chen et al.,
2025b]. More comparative experiment details are provided
in the Appendix D. Tables 1 and 2 present the model reuse
accuracy of different algorithms on CIFAR100 and TinyIma-
geNet200, respectively. The results demonstrate that the pro-
posed EDS consistently achieves superior effectiveness and
performance across both single-task and mixed-task settings.

To more intuitively highlight the superiority of the EDS
method in specification quality, we employ t-SNE [Maaten
and Hinton, 2008] to visualize training data from different
domains along with their corresponding specifications gener-
ated by various methods. From Figure 2, although the central

blue region contains abundant data, LANE and RKME fail
to generate corresponding specifications, whereas EDS suc-
cessfully does so, yielding specifications that more accurately
characterize the tasks in which the model excels. Besides,
while LANE allows specifications to capture the task fea-
ture distributions that models master, it lacks discriminability
across tasks, resulting in blurred boundaries. RKME gen-
erates highly discriminative specifications, but at the cost of
distributional alignment, leaving boundary regions with abun-
dant training data without coverage. In contrast, EDS simulta-
neously preserves distributional alignment and explicitly en-
hances specification distinctiveness, enabling more precise
model identification and effective reuse.
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Figure 3: Visualization of synthetic samples generated under the
learnware paradigm using EDS.
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Figure 4: Effect of specification size on accuracy at both superclass and instance levels. The vertical axis denotes accuracy, while the

horizontal axis represents the specification size.

5.3 Further Analyses

Visualization and Validation. For a more intuitive illustra-
tion of the effectiveness of the proposed method in the learn-
ware paradigm, experiments are conducted on a synthetic
dataset with visualized results. Initially, datasets correspond-
ing to binary classification tasks are generated from four syn-
thetic datasets, as shown in Figure 2(a). The proposed method
is then applied to generate specifications for the four datasets,
with a specification size of five per class. As illustrated in Fig-
ure 2(b), clear discriminability among different specifications
can be observed. During the deploying stage, two closely re-
lated datasets are combined to simulate user requirements, as
illustrated in Figure 2(c). When applied to these simulated
requirements, EDS is able to accurately estimate the contri-
bution of each dataset, recovering the true mixture weights
(0.7,0.3,0.0,0.0) as (0.699,0.298,0.002,0.001), highlight-
ing its precision in identifying the most relevant learnwares.
The corresponding mimic data are then generated according
to the estimated mixture weights, as shown in Figure 2(d),
exhibiting a close resemblance to the user requirement data.
Finally, the learnware index selector is trained on the syn-
thetic mimic data (Figure 2(¢)), with color blocks indicating
predicted learnware indices. Applied to the user requirement
instances, it attains a prediction accuracy of 98.8% (Figure
2(f)). These findings validate the effectiveness of EDS in the
learnware paradigm.

Ablation Studies. The two primary contributions of this
work are the submitting and deploying stages based on EDS,
hereafter denoted as EDS-S and EDS-D, respectively. To eval-
uate the effectiveness of these two components, ablation stud-
ies are conducted, and the corresponding results are reported
in Table 3. The experimental results demonstrate that both
modules contribute positively to the final outcome, as incor-
porating either one individually leads to a steady improve-
ment in model reuse, while the best performance is achieved
when both modules are jointly employed.

Sensitivity Analysis The specification size is a critical fac-
tor in the learnware paradigm. To investigate its impact on

EDsS-S EDS-D  Accuracy

- v 82.04
v - 83.53
v v 85.06

Table 3: Ablation study on two modules of EDS. “v"” denotes the
modelis included, and “—” otherwise.

model reuse performance, experiments under varying spec-
ification sizes are conducted, and the results are presented
in Figure 4. It can be observed that EDS achieves superior
performance over RKME and LANE under most specifica-
tion sizes. The performance gain increases with the specifi-
cation size and stabilizes thereafter, which can be attributed
to the joint effects of specification generation in the sub-
mitting stage and mimic data construction in the deploying
stage. Specifically, as suggested by Eq. (5) and Eq. (13),
larger specifications retain more informative statistics of the
original data and better approximate intra-class distributions,
enabling the generation of more diverse mimic samples that
align well with task data. Nevertheless, when the data distri-
bution is already well captured, further enlarging the specifi-
cation size brings limited additional benefits. ¢ is also an im-
portant parameter, and a sensitivity analysis of ¢ is provided
in Appendix E.

6 Conclusion

In this paper, we propose an Explicitly Distinctive
Specification (EDS) method, which explicitly incorporates
inter-specification discriminability at the submitting stage for
the first time. Building on this, class-level data structure and
local statistical properties among these specifications are fur-
ther explored to preserve distributional consistency while in-
creasing sample diversity for selector training in the deploy-
ing stage. Extensive experiments demonstrate that the pro-
posed EDS method can advance a more discriminative learn-
ware paradigm, enabling more accurate and efficient learn-
ware identification and reuse.
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