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Abstract The learnware paradigm has been proposed as a
new manner for reusing models from a market of various well-
trained models, which can relieve users’ burden of training a
new model from scratch. A learnware consists of a well-trained
model and a specification which explains the purpose or
specialty of the model without revealing data. By specification
matching, the market can identify the most useful learnwares
for users’ tasks. Prior art attempted to generate the specification
by a reduced kernel mean embedding approach. However, such
kind of specification is defined by some pre-designed kernel
function, which lacks flexibility. In this paper, we advance a
methodology for direct specification learning from data,
introducing a novel neural network named SpecNet for this
purpose. Our approach accepts unordered datasets as input and
subsequently produces specification vectors in a latent space.
Notably, the flexibility and efficiency of our learned
specifications are underscored by their derivation from diverse
tasks, rendering them particularly adept for learnware
identification. Empirical studies provide validation for the
efficacy of our proposed approach.
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1 Introduction

Nowadays, machine learning has been widely utilized in
various fields. For example, it is applied in computer vision,
Al conversation, speech recognition and so on. Thus, there is a
high demand for collecting data and training models in various
industries. However, collecting data and training models
require a lot of time and computational resources, which avoid
the users building their own models. The technical barrier of
machine learning also prevents many users from
accomplishing their own tasks. To overcome such challenges,
users would like to seek for some convenient and inexpensive
pipeline to get usable models. Now that there already exists
many well-trained models in numerous fields in the real
world, reusing them is an excellent idea. Some works have
claimed that it is very meaningful to build a model sharing
market to help users benefit from existing models [1—4].
Additionally other works have proposed to adapt the existing
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models or data to new tasks. However, the adaptation process
is not a straightforward job, requiring massive algorithmic
knowledge and computational resource [5—9].

Zhou et al. [1] proposed to establish a model sharing market
called Learnware Market which assists users in solving their
tasks by leveraging existing efforts instead of starting from
scratch. The basic stages of learnware market is illustrated in
Fig. 1. The market maintains a repository of learnwares for
users to download and reuse. A learnware is comprised of a
well-trained model and a specification. The model is trained
by the developer on her own dataset and the specification is
assigned by the market for explaining the purpose and/or
specialty of the model.

The market is responsible for a submitting stage and a
deploying stage. In the submitting stage, the market requires
the developers to upload their models without revealing the
training data. Then, the market assigns a specification for each
model and stores them in the repository. In the deploying
stage, the users wish to download and reuse the suitable
models for their own tasks. And then the market requires them
to generate their specifications according to their task
requirements and submit the specifications to the market
instead of exposing their private data. The market would
identify the proper models by specification matching and
return them to the users.

Consequently, a foundation of the learnware proposal is the
specification matching between developers and users, enabling
the successful reuse of appropriate models. The specifications
enable the market to know the abilities of models and the
requirements of users. Hence, to realize the mechanism of
learnware, a refined specification design is supposed to satisfy
the property of preserving precise sketch of model abilities
while not exposing training data.

The previous approach [10] utilizes reduced kernel mean
embedding (RKME) to generate a reduced set of kernel mean
embedding (KME) as the specification [11]. It reserves the
ability with a concise representation which does not expose
the original data. This approach first defines the kernel
function k(-,-) corresponding to the RKHS H, then
reconstructs the data distribution by using a reduced set by the
RKHS norm. The reduced set of KME is used as the
specification of the task and it has fewer elements than the
original data.
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Fig. 1 The learnware market and the involved two stages

However, RKME specification may has the following
limitation: The kernel function is fixed and hard to select.
Once the kernel function is defined by the market, all the
specifications in such RKHS H are secured. In other words,
in such specification space, the distance metric is fixed. The
market cannot adjust the distance metric according to the
requirements of practical application scenario. Such limitation
is just like the fixed kernel based distance metric is less
flexible than the metric learning based distance metric.

For example, there are three tasks 71,7»,73 in the market
(T is a user’s task seeking for a suitable model, 7,73 are
well-trained tasks with provided models M>,M3) and the
market needs to identify a proper model reused for T}
(illustrated in Fig. 2). In ground truth, 75 is similar to 71 and
suitable for reusing while 73 is an unsimilar task which is not
supposed be identified. In principle, the market should assign
similar specifications to 7; and 7> and push away 73 in
specification space. However, once the market select a fixed
kernel space H where T3’s specification may be closer to T
than 7>, the distance metric cannot be adjusted, which leads to
an incorrect reusable model identifying. Obviously, the
flexibility of the specification is limited by the fixed kernel

space. Any pre-defined RKME-based specification is unlikely
to satisfy all the requirements of the market.

To the best of our knowledge, no prior work has proposed to
learn the specification space. In this paper, we propose a novel
neural network SpecNet to learn the embeddings of different
task distributions in a low-dimensional latent space and the
embeddings can be used as the specifications. In our approach,
to distinguish whether a model is reusable, our learned metrics
pulls reusable tasks closer together and pushes away tasks that
cannot be reused. Therefore, the distance in such specification
space could indicate the similarity or the reusability between
tasks. The learning methodology employed in our approach is
founded upon the representation of unordered sets, thereby
ensuring that the specification preserves a succinct and
accurate abstraction of the original task distribution.

The contributions of this paper are summarized as follows:

e We are the first to propose learning specifications,
which makes the specification matching more flexible
and adjustable in the learnware market.

e We propose a novel neural network SpecNet with a
well-defined objective for acquiring the distance metric
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Fig.2 Difference between our approach and kernel-based approach. In this example, the truth is that 7> is more similar to 7 than T3, so
model M> is more suitable to be reused for 71 than M3. However, in kernel-based specification assigning, the distance metric is fixed and not all

the kernels can provide satisfied results. Our approach can help to learn a

desired metric distance: d(sp1, sp2) < d(spi,sp3)
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between distinct task distributions. Empirical results
demonstrate the efficacy of our approach in acquiring a
pertinent distance metric that faithfully reflects the
similarities among diverse tasks.

The subsequent sections of this paper are structured as
follows. Section 2 provides a comprehensive review of related
work. Section 3 introduces the specification learning by a
novel neural network, referred to as SpecNet. Section 4
elucidates the experimental results, and Section 5 concludes
the paper.

2 Related work

For the purpose of model reusability, the learnware paradigm
is proposed. In this paradigm, Wu et al. [10] propose a
specification to describe the model. The specification is
defined as a set of features based on reduced kernel mean
embedding, which can be used to identify models. In this
approach, learnware can be reused by RKME matching and a
task selector. RKME is a variant of Kernel Mean Embedding
(KME), which is a method for mapping probability
distributions to points in a Reproducing Kernel Hilbert Space
(RKHS). The primary purpose of RKME is to serve as a
specification for pre-trained machine learning models. This
allows users to determine the applicability of a model to a new
task without accessing the original training data, thus
facilitating model reuse while respecting data privacy. Based
on RKME, Zhang et al. [3] develops a scheme to reuse the
learnwares for unseen jobs. Apart from that, Ding and Zhou
[12] use outlier detectors as the specification and develop a
boosting-based approach to deploy models. Tan et al. [2]
proposed an approach for handling heterogenecous feature
spaces by integrating subspace learning in the specification
design.

Domain adaptation [13—17] and transfer learning [18—22]
are related topics to learnware paradigm, which aims to adapt
the related domains to the new tasks. Domain adaptation is the
process of adapting or learning from a source data distribution
to the target distribution [7]. Transfer learning is the process
of transferring the knowledge of the problem to a related new
one [23]. The key difference between our paradigm and these
two topics is that our paradigm is based on the market
specification matching, and the other two are based on the raw
data. These approaches assume that the raw data of source
domain or learned knowledge always benefits to the target
problem. Some works assume that the source data is always
avaliable to all target users or the source model is always
tuneable for the target problem. Besides, they focus only on
how to retrieve knowledge from source raw data, which does
not protect data privacy. However, in learnware market
scenario, most models does not benefit to the target domain.
Selecting and reusing the suitable existing models is the
priority of learnware market.

Set representation learning, as explored in works such as
Maturana and Scherer [24], Qi et al. [25,26], is a research
domain dedicated to acquiring effective representations for
sets of data points. From a structural perspective, a learning
task dataset manifests as an unordered set comprising vectors
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and their corresponding labels. While the majority of deep
learning endeavors have concentrated on conventional input
structures such as sequences (as observed in speech and
language processing), images, and volumes (pertaining to
video or 3D data), there has been a relative dearth of research
in the realm of deep learning for datasets. Vinyals et al. [27]
have explored the utilization of a read-process-write network
featuring an attention mechanism, demonstrating its efficacy
in processing unordered input sets, with a particular
demonstration of the network’s capacity to perform numerical
sorting. However, their work, being more focused on generic
sets and natural language processing applications, overlooks
the nuanced role of geometry within sets. In contrast, Qi et al.
[28] have proposed a neural network architecture designed to
directly consume individual data points, catering to various
tasks, including object classification and part segmentation.

3 Specification learning

In this section, we first present the formulation of the problem.
Then, we state the architecture of SpecNet, our proposed
neural network for specification learning. Finally, we give an
analysis of several properties of the proposed approach.

3.1 Formulation

Consider a learnware market comprising a set of learnwares
{Li}f\; |» where N is the number of learnwares. Each learnware
L; = (M;, sp;) denotes the ith learnware in the market, with M;
representing the model trained on dataset (X®,Y®) and sp;
denoting the corresponding specification. When a user seeks a
model for her task, she could generate a specification sp,
based on her own data and submit it to the market. The
market, in turn, identifies and returns the model
M;,i = argmin; d(sp,, sp;), that aligns most closely with the
user’s requirements, utilizing the distance metric d(-,-) to
measure similarity between specifications. Intuitively, the
specifications of two datasets are expected to be similar if the
datasets are designed for the same task, and conversely,
dissimilar if the data distributions differ.

To achieve this, we propose to learn a specification
generator G(+) : X — R!, where a dataset X® serves as input,
producing a specification vector sp; as output. In contrast to
prior work [10] which assigns specification using a reduced
set of KME in a fixed kernel space, our approach learns the
specification  generator from  dataset-indicator  pairs
(XD, ZOWN . Here, X" represents a dataset, Z® is an
indicator vector describing the classes appearing in the
corresponding task, and N is the total number of datasets.
Especially, Z® is a one-hot vector, where the jth element is 1
if the jth class is present in the task, and 0 otherwise. To
uncover the inherent essence of each task and capture the
similarities between different tasks, we employ a dual-
objective function comprising a cross-entropy loss and a
triplet ranking loss. The cross-entropy loss captures the unique
characteristics of each task, utilizing label space information
as the sole supervised knowledge available. Simultaneously,
the triplet ranking loss measures the similarity between
distinct tasks, aiding in minimizing the distance between
similar tasks and maximizing the distance between dissimilar
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ones. The overall objective function is formally defined as
follows:

1 ¥ . .
. _ (@) (O]
I(I}lﬁlélll—ﬁ Ei Le(C(GX)),Z7)

A
N tri

N
D Liriple GX ), GXP),GX ™)), (1)

a,p,n

+

where L., denotes the cross-entropy loss, Ly ipier represents
the triplet ranking loss, 4 is a hyperparameter for balancing
the two losses, Ny is the number of triplets in the training set,
C() is a network for predicting the indicators, and
X@ xP) X" are the anchor, positive and negative datasets
respectively.

Unlike conventional machine learning tasks that learn
mapping functions from a single input vector to an output
vector, G(-) is tasked with processing an unordered, variable-
length task dataset as input and synthesizing the task
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specification into a single fixed-length vector. We instantiate
the learning task by introducing a novel neural network
SpecNet, designed to learn a unified specification generator
G().

3.2 SpecNet

The architecture of SpecNet is illustrated in Fig. 3. It initially
compresses the input dataset into a singular specification
vector and subsequently predicts task indicators, which refines
the learning of specifications that align with the distance
metric between different tasks.

Compressing the entire input dataset into a singular
specification vector presents challenges due to the inherent
essence of the input, which constitutes an unordered set of
vectors with an variable size. These characteristics introduce
complexities in generating a fixed-length deep representation.

To address this issue, we devise a deep model for
specification generation, which is illustrated in the upper left
dashed box of Fig.3. The model G(-) processes an entire
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Fig.3 The overall architecture of the proposed SpecNet. Firstly, the specification generator takes each whole dataset fask; as an input, and
outputs a vector specification;. Subsequently, the generated specification vectors are inputted into the classifier for task indicator prediction.
Simultaneously, the triplet ranking loss is employed to gauge the similarity between distinct tasks. In our approach, we make the specification
learnable by backpropagation. The detailed structure of the specification generator is shown in the lower dashed box. Especially, an input
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unordered dataset X as input and produces a specification
vector of dimension /. The detailed pipeline is delineated in
lower dashed box in Fig. 3 as follows: (1) Extract the feature
of each instance within a dataset through a shared weight
feature extraction network A(-); (2) Merge the instance-level
features into a task-level feature through the order-
independent network g(-); (3) Extract the specification vector
from the merged feature by a task-level feature extraction
network 7(-).

The capability to compress an unordered set into a vector
relies on the functionality of the order-independent network.
This network is designed to confer invariance of the model
output to the input order, achieved through the application of a
symmetric function on transformed elements within the set.
Suppose f:X —R is a single variable continuous set
function, we approximate it by applying a symmetric function
on transformed elements in the set:

JUx1s ey xn}) = g(A(X7), ... (X)), 2
where h: RP - RK and g:R¥ x---xRX - R is a symmetric
—_——

function. Therefore, we can learn "a number of f’s to capture
different properties of the set X,

In the implementation, we use a composition of a single
variable function and a max pooling function as the order-
independent network g(-). And we use a multi-layer
convolutional neural network as the feature extraction network
h(-). We use a multi-layer perceptron as the task-level feature
extraction network #(-). Formally, specification generator is
defined as follows:

spi = GXDY = ([ fi,.... fx])

g1 (), o i (X))
=t : )
g (), oo hie(x)))

where 7 : RK — R/ is a transformation network.

In the context of specification learning, we formulate the
objective function to capture the intrinsic characteristics of
each task and the similarities between different tasks. The key
concept is to establish task relationships through the
exploitation of label space information. Specifically, for each
task denoted as (X?,Y?), we assign an indicator vector Z)
to signify the classes present in the task. The generator G(-), in
conjunction with a classifier C(-), jointly learns the
transformation C(G(XV)) — Z® as the primary objective. The
principal objective function is defined as follows:

1 N . .
. @) (1)
min E,' L (C(GX)),ZY), (4)

where L.(,-) is the cross-entropy loss.

To enhance the capture of task similarities, we incorporate a
triplet ranking loss as an auxiliary objective function. This
choice is motivated by the capability of the ranking loss to
decrease the distance between similar tasks and magnify the
distance between dissimilar tasks. Triplets are constructed
through the random sampling of an anchor task, a positive
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task, and a negative task. Here, the positive task signifies a
task that is akin to the anchor task, while the negative task
represents a task that diverges from the anchor task. We define
the similarity between tasks using the number of the same
elements in the task indicator vectors, that is, by calculating
the number of categories that appear directly in common
between two tasks: Z,-Z, > Z,-Z,. For example, there are
three tasks: task A, task B, and task C. The indicator vectors
of the three tasks are [1,1,0,0], [0,1,1,0], and [0,0,1,1],
respectively. The anchor task is task A, the positive task is
task B, and the negative task is task C. The primary objective
is to ensure that the distance between the anchor task and the
positive task is smaller than the distance between the anchor
task and the negative task. The triplet ranking loss function is
formally defined as follows:

N
min < a;[d(spa, spp)=d(spasp)+m|,.  (5)

where d(-,-) is the distance between two specifications,
[[]l+ =max(0,-) is the ReLU function, m is a margin
hyperparameter, Ny is the number of triplets in the training
set, S$pa,Spp,sp, are the anchor, positive and negative
specification vectors from X@, X, X" respectively.

By combining Egs. (4) and (5), the final objective function 1
is derived. The comprehensive framework is trained end-to-
end through the application of backpropagation.

The preceding discussion illustrates the resolution of the
central challenge in learnware specification learning.
Following the optimization of the objective function, the
specification generator G(-) is capable of producing a
specification vector sp; corresponding to each task (X, Y®),
For the sake of simplicity, the distance metric employed in this
study is defined as the Euclidean distance between these
specification vectors: d(sp;,sp;) = |sp;—spjl2.

3.3 Theoretical analysis
In this section, we analyze some properties of our approach.
Given two input datasets X' and X®, the specification
generator aims to output similar specification vectors sp; and
spp if they are accomplishing the same task. However,
empirically there is often bias between X! and X since the
data variance is inevitable in the real world. Hence, how the
data perturbation affects the specification is a key issue. Our
approach is supposed to be robust to these small perturbation
of the input dataset. Here we give a proposition to explain the
robustness of our approach.

We define f: X — R as a continuous set function which can
be decomposed as f = goh, where h is a feature network for
x; € X and g is a symmetric function mapping the feature set

u= rgg;({h(xi)}

to a vector. Let which maps a set X in X to a

vector in RX be the front-end sub-network of g. Here, max{-}
is a vector max operator that outputs the element-wise
maximum. The following propositions show that small data
perturbation in the input set will not significantly change the
output.

Proposition 1 Given f=goh and u:mg))(({h(x,-)}, Then,
Xi
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VXD AC N C X, f(XD) = fXD) if Cc X C N;

Proof For the jth dimension of u, there exists at least one
xj € X that makes hj(x;) = uj, where h; is the jth dimension
of the output vector from A. Take the C as the union of all x;
for j=1,..,K. C can be seen as the minimal set that makes
u(XD) = u(C). Therefore, YX1,3AC c X, fF(XP) = f(XD) if
ccx®?.

There exists extra data perturbation which makes
h(x) <u(XD) at all dimensions. Adding these perturbation
data to C does not change the output of u. Therefore, by
adding the union of such data to C, the union can be seen as
the maximal set N that makes u(X")=u(N). Therefore,
VXD AN C X, F(XP) = XDy if XD c N. o

Proposition 1 shows that f(X") and f(X®) can be
consistent up to a small data perturbation on condition that
X®@ is in the range of C and N. This proposition shows that
the output of our model is robust to small perturbation of the
input dataset.

Obviously, the minimal set C is a core set that makes
f(X) = f(C). Hence, whether our approach could capture the
core set C is another key issue. Our approach is supposed to
be able to capture the minimal core set C by the parameter K
in Eq. (2). Here we give a proposition to explain it.
Proposition 2 Given f=goh and "= r;f,-‘?;’?{h(xl’)}
ICl< K.

. Then,

Proof For the jth dimension of u, there exists at least one
xj € X that makes hj(x;) = uj, where h; is the jth dimension
of the output vector from &. Take the C as the union of all x;
for j=1,...,K. Hence, the number of elements in C is upper
bounded by K. Therefore, |C| < K. O

Proposition 2 shows that the size of |C| is upper bounded by
the dimension number K in Eq. (2), which means that as long
as the parameter K is large enough, our approach could
capture the core set of the input dataset.

Propositions 1 and 2 affirm the robustness and stability of
our approach. The robustness is analogously acquired through
a principle akin to sparsity in machine learning models.
Intuitively, our approach learns to succinctly encapsulate the
essence of a task dataset through a sparse set of key data.

4 Experiments

To demonstrate that our framework could achieve a better
performance than the existing specification design, we
conduct experiments to verify the following questions. (1) Can
the most useful learnware be identified via our specification?
(2) Is our specification still effective when the market scale is
increasing with new unknown classes?

Datasets We use Tiny-ImageNet [29] and CIFAR-10 [30] as
our benchmark datasets. For simplicity, we only simulate
binary classification tasks from these datasets in the following
experiments. Firstly, we simulate a pre-train task set (pre-train
set) for training our SpecNet and then utilize the submodule
G(-) to generate the specifications. At the submitting stage, to
construct the learnware market, we simulate the developers’

task set (market set) and upload a well-trained model for each
task in this set. Meanwhile, the market assigns a specification
for each model via the submodule G(-). At the deploying
stage, we simulate a users’ task set (user set) to evaluate the
reuse performance. For each user’s task, the specification is
also generated by the submodule G(-). Hence, the user could
use the specification similarity to retrieve the top-1 matched
model from the learnware market. In this paper, the retrieved
models are directly reused on the users’ tasks without fine-
tuning.

Evaluation metrics The evaluation metrics include the
average accuracy of the reused models and the top-k hit rate
of retrieved models. They are defined as follows:
Zf\il acc(taski)’ 6)

N
where acc(task;) is the accuracy of the reused model on rask;.
N is the number of users’ tasks.

average reuse accuracy =

N g
i=1 hit;

z
top-k hit rate = == (7
op-k hit rate N

where hit; is 1 if the retrieved model is in the top-k best
models, otherwise 0. N is the number of users’ tasks. More
details of the experimental setup are provided in the following
subsections.

Baselines To compare the learnware retrieval and reusing
performance, we compare different specification design under
the same settings. We compare our approach with the
following baselines:

(1) RKME [10]: a kernel-based specification which uses the
reduced set in the RKHS to represent the data distribution. In
this experiment, the feature extractor is also adopted like the
original paper’s setting.

(2) Random: a random baseline, which randomly selects a
model from the market.

(3) Best: the performance of reusing the best model in the
market from the ground truth. It is the upper bound of the
reuse performance.

4.1 Effectiveness

To demonstrate that the specifications learned via our
framework can help identify useful models, we conduct
experiments to verify the effectiveness of our approach.

Experimental setup In this part, we assume that the pre-
train set, market set and user set all share the same label space.
For the Tiny-ImageNet dataset, we randomly select 10 classes
as the label space. Then we randomly simulate the binary
classification tasks in the lable space to construct the pre-train
set, market set and user set. The data size of each simulated
task is about 400—500. For the CIFAR-10 dataset, we use all
10 classes as the label space. The task sets are simulated in the
same way. The data size of each simulated task is about
3000—5000.

The pre-train set size in this experiment is 100. The market
set size ranges from 200 to 1000, while the user set size is
500. We conduct the whole experiment 10 times and report
the average results.

Results The evaluation results are presented in Tables 1, 2
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Table 1 Average accuracy (%) of reused model on users’ tasks (Tiny-
ImageNet). The best results are in bold. The market set size is ranging from
200 to 1000

Market set size

Method

200 400 600 800 1000
Random 15.62 14.93 15.27 14.69 12.98
RKME 40.83 44.65 45.37 47.70 50.24
SpecNet 73.24 74.37 75.48 75.63 76.05
Best 77.88 79.32 79.85 80.11 80.36

Table 2 Average accuracy (%) of reused model on users’ tasks (CIFAR-
10). The best results are in bold. The market set size is ranging from 200 to
1000

Market set size
Method z

200 400 600 800 1000
Random 17.19 16.11 17.10 15.59 14.08
RKME 41.23 42.43 44.74 45.47 47.96
SpecNet 78.64 78.75 80.20 81.38 81.79
Best 81.10 82.19 83.54 83.71 84.92

and Figs. 4, 5. It is evident that our specification design
outperforms the baselines.
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In Tables 1 and 2 the results indicate that our approach
could achieve the highest average reuse accuracy in all
settings for both benchmark datasets. For example, in Tiny-
ImageNet dataset, when the market set size varies from 200 to
1000, our approach could achieve at least 73.24% accuracy,
which is much higher than the baselines. The average reuse
accuracy increases when the market set size increases. The
reason is that when the market set size increases, the suitable
models are more possible to appear in the market. The results
of “Best” method is the upper bound of the reuse performance.
The small gap between “Best” and our approach means that
we almostly retrieve the most suitable model for the user’s
task. In general, our proposed framework could help to
generate more accurate and efficient specifications.

Figures 4 and 5 illustrate the likelihood of users successfully
retrieving the top-k best models available in the market. We
can see that our approach could achieve the highest top-k hit
rate in all settings for both benchmark datasets. The evaluation
performance is almostly 2 times higher than the baselines. The
results also showed that the top-k hit rate decreases with the
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Fig. 4 Top-k hit of the retrieved models on users’ tasks of Tiny-ImageNet datasets. The higher the metric value, the better the performance. It
can be observed that our approach could achieve the highest top-k hit rate in all settings. (a) Top-£ hit rate (market size=200); (b) Top-k hit rate
(market size=400); (c) Top-k hit rate (market size=600); (d) Top-£ hit rate (market size=800); (e) Top-k hit rate (market size=1000)
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Fig.5 Top-k hit of the retrieved models on users’ tasks of CIFAR-10 datasets. The higher the metric value, the better the performance. It can be
observed that our approach could achieve the highest top-k hit rate in all settings. (a) Top-£ hit rate (market size=200); (b) Top-£ hit rate (market
size=400); (c) Top-£ hit rate (market size=600); (d) Top-£ hit rate (market size=800); (e)Top-£ hit rate (market size=1000)
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increase of market set size. This is because when the market
set size increases, more suitable models are available in the
market, which makes it harder to retrieve the best models. The
market does not return the best top-k returned models, the
users could still retrieve the well performed models from the
market. In general, our approach could still achieve the highest
top-k hit rate competiting with the baselines.

4.2  Scalability

To answer the question that whether our approach could still
achieve a good performance when there are new unknown
classes in the market set, we conduct experiments to verify the
scalability of our approach. Intuitively, our specification could
be used as a general metric for the similar unknown task
distributions. Hence, it is supposed to be efficient for the user
tasks with unseen classes.

Experimental setup To verify our hypothesis, we assume
that the pre-train set and the market set share different label
spaces. We conduct experimental evaluation in two senarios in
this part:

a) In-domain setting: The pre-train set, market set and user
set are all from Tiny-ImageNet dataset. However, the label
space of the pre-train set (Y,,.) and the label space of the
market set (Yy,4,) are disjoint.

b) Out-of-domain setting: The pre-train set is from Tiny-
ImageNet dataset, while the market set and user set are from
CIFAR-10 dataset. Also, the label space of the pre-train set
(Ypre) and the label space of the market set (¥,4-) are disjoint.

We compare our approach with the above baselines. The
evaluation metrics are the average reuse accuracy of the
retrieved models.

Results The results are shown in Table 3. We can see that
our approach could also achieve the highest accuracy in both
senarios. As shown in Table 3, in the in-domain setting, our
approach could achieve at least 60.5% accuracy, which is
much higher than the baselines. When the number of unknown
classes ranges from 10 to 40, our approach could always
achieve stable performance. In the out-of-domain setting, the
tasks of pre-train set and the market set are quite unsimilar.
The results under this setting can more clearly demonstrate
what happens with our method when a user submits an
unknown task. The performance is still compariable with the
in-domain setting and much higher than the baselines. The
evaluation results demonstrate that our approach could learn
the general representation from the datasets with label set
Ypre, and the specification knowledge or distribution
knowledge could be transfered to other tasks with unknown
classes. Such phoenomenon is also appeared in the metric
learning or transfer learning scenario.

Table 3 Average reuse accuracy (%) of two senarios. The label space of the
pre-train set (¥pr.) and the label space of the market set (¥,qr) are disjoint.
The best results are in bold

S . In-domain

enario # of unknown classes Out-of-domain
method 10 20 30 40
Random 6.9 6.1 6.6 7.0 8.2
RKME 46.4 45.7 48.5 45.3 37.6
SpecNet 60.5 62.3 61.7 62.9 53.3

The results indicate that our approach could benefit from the
distance metric learning. The learned specification space has
the advantage of generalization. The specification could still
be effective for the user tasks with unseen classes. Therefore,
our framework has the ability to extend the specifications to
real-world and large-scale learnware markets.

5 Conclusion

In this paper, we propose to learn specifications in the
learnware paradigm, which could provide more flexible
representations of task distributions to identify the reusable
learnwares. A novel learning framework called SpecNet is
proposed to learn the specifications end-to-end with the
information of task label space. It takes the whole task datasets
as input training data, and then learns the specifications by the
proposed objective function. After that, the specification
generator in SpecNet could assign universal specifications for
both developers and users. Especially, since the specifications
are learned from the various market tasks rather than hard
defined metric, our learned specifications are more accurate
and efficient for learnware matching. The framework is able to
output informative specifications for both seen and unseen
tasks. Empirical studies wvalidate the effectiveness and
scalability.

SpecNet is a general framework for learning specifications.
In the future, we will explore more effective and efficient
methods based on it to learn the specifications. Utilizing the
information from task models and data distributions
simultaneous will be investigated in future work. Moreover,
we will explore the ability of SpecNet to learn specifications
for heterogeneous tasks.
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