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ABSTRACT This paper proposes a generative artificial i ntelligence m ethod, R AG-CGM (Retrieval-
Augmented Generation with Constrained Generation Model), to address the coexistence of multiple 
data-ownership definitions a nd t he l ow c irculation e fficiency of  da ta el ements in  th e in telligent robot 
industry. A semantic representation model is developed for heterogeneous data sources containing 
ownership, scenario, quality, and safety attributes, including sensor data, device logs, interaction records, 
and text documents generated in robotic systems. By modeling data-generation methods, participating 
entities, and mutual contributions among sources, the method builds a structured mapping for data-
source traceability and ownership determination. After this mapping is established, a retrieval-augmented 
generation mechanism constructs the full context of data assets and demand semantics. Conditional 
generation then produces semantically aligned and interpretable supply-demand matches under ownership-
boundary and compliancerule constraints. Finally, an optimization function based on generative scoring 
ranks candidate matches and dynamically updates validity conditions, supporting efficient circulation after 
ownership confirmation. Experimental results show that the method achieves an ownership identification 
accuracy of 0.913 and an F1 score of 0.901, about 4.4% higher than the second-place RAG baseline. The 
circulation success rate reaches 0.892, outperforming all comparison methods and providing interpretable 
ownership tracing for data-element governance in intelligent robotics.

INDEX TERMS data ownership, intelligent robots, generative ai, sensor data circulation, rag-cgm

I. INTRODUCTION

AGAINST the backdrop of the deepening digital econ-
omy, data elements have become core resources driv-

ing industrial value reconstruction and production mode
transformation. The large-scale multimodal data generated
during the R&D (research and development), manufactur-
ing, and service processes of the intelligent robot industry
exhibits significant asset attributes and collaborative value
[1,2]. Data resources involve complex ownership relation-
ships and benefit distribution mechanisms during cross-
entity sharing and reuse, making ownership confirmation
and circulation key links restricting the release of data
value [3,4]. Generative AI demonstrates a new technological
paradigm in semantic modeling and knowledge represen-
tation, providing an important support path for ownership
identification and circulation optimization in complex data
environments, and has significant theoretical and practical
value for improving the efficiency of industrial data el-
ement allocation [5,6]. The generative AI method RAG-
CGM proposed in this paper, based on retrieval augmen-
tation and constraint generation, aims to achieve inte-
grated collaboration in data ownership confirmation and

circulation by introducing external knowledge retrieval and
structured constraint generation. Existing research faces
multiple bottlenecks in the governance of industrial data
elements. Data sources have a distributed nature, and the
interactions between production, platform, and application
entities continue to change over time, making it difficult to
understand how the data is generated, where it comes from,
and what the ownership boundaries are [7,8]. Multimodal
data has different structures and semantics than other types
of data. Traditional methods used to determine who owns
data based on the field structure are unable to represent
complex semantic content; therefore, the allocation of rights
becomes inconsistent as a result [9,10]. Circulating data
uses static catalogs and manual review processes, leading
to semantic expression inconsistencies between supply and
demand sides. The matching process does not use a common
representation model, resulting in reduced efficiency and ac-
curacy [11]. Compliance constraints and security strategies
are usually not part of the circulation process and cannot
be tied to ownership determination; therefore, it is difficult
for the results of ownership determination to directly inform
future decisions about circulating data [12,13]. It is imper-
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ative that generative AI is brought into fruition to facilitate
determining and circulating data elements.

There are a number of attempts being made to improve
the issues mentioned above, both in the academic world
and the industry. Many have begun exploring blockchain-
based techniques for securely verifying ownership through
the implementation of traceable and immutable data by
documenting data operations and rights through a distributed
ledger; however, most of these techniques cannot fully
utilize their ability to represent multimodal semantics, which
impacts their effectiveness when working with complex data
generation relationships [14,15]. In addition, various forms
of ontology modeling and knowledge graphing have found
some success at providing structured representations of
semantics by constructing data entities and networks of rela-
tionships to describe ownership; however, since they require
manual design of models/rules to define the relationships,
they have limited capability for scalability and dynamic
adaptability [16,17]. Data circulation research is highly fo-
cused on working through matching similarity and retrieving
through tags (small scale), but there has been limited ability
to provide deep meaning for demand semantics in order to
create effective cross scenario matching [18,19]. There have
been studies incorporating privacy computing and federated
learning for greater security of data sharing while creating
a foundation for compliance assurance; however, these do
not closely link together ownership confirmation results
with a unified ownership confirmation circulation collab-
orative mechanism [20,21]. Currently, there continues to
be disconnects between ownership identification, semantic
alignment and circulation matching making it difficult to
create opportunity for data element allocation in various
complex industrial environments.

Addressing the core issues of insufficient accuracy in
ownership identification and limited efficiency in data flow
matching, this paper proposes a generative AI method,
RAG-CGM, based on retrieval augmentation and constraint
generation, for data element ownership confirmation and
flow in the intelligent robot industry. Starting with multi-
source heterogeneous data, the study models the data gen-
eration chain and uses gener ative AI to jointly encode data
content and contextual semantics, forming a unified seman-
tic embedding representation. Based on this, ownership con-
straint modeling embeds subject relationships, contribution
levels, and usage boundaries into the representation space,
enabling automatic determination and expression of data
rights structures. Furthermore, a semantic indexing system
is constructed to perform retrieval-augmented generation
(RAG) on data asset and demand descriptions, injecting
contextual information into the generation model to com-
plete supply and demand semantic alignment and matching
inference under the constraints of ownership boundaries and
compliance rules. Matching results are sorted and dynami-
cally adjusted through a generation scoring function to form
the optimal matching path for flow decision-making. This
research achieves collaborative modeling of ownership iden-

tification and circulation matching, introduces generative AI
into key aspects of data element governance, and makes
systematic improvements in multimodal semantic modeling,
constraint-driven generation, and supply and demand align-
ment mechanisms, providing an interpretable reasoning path
for ownership tracing and matching processes.

II. METHODS
A. OVERALL FRAMEWORK CONSTRUCTION
Focusing on the problems of unclear ownership and in-
efficient supply-demand matching in the process of data
element confirmation and circulation in the intelligent robot
industry, this paper constructs an overall framework for a
generative AI method oriented towards the collaborative
optimization of “confirmation of ownership and circulation”.
The generative AI architecture and data circulation based on
retrieval augmentation and constraint generation are shown
in Figure 1.

Figure 1 illustrates the overall framework structure of
the generative AI-driven data element ownership confir-
mation and circulation system. Starting with multi-source
heterogeneous data input, a unified feature expression is
achieved through data modeling and semantic representation
modules. Based on this, an ownership relationship identifi-
cation model characterizes the correlation structure between
data and multiple entities, and a retrieval augmentation
mechanism is used to complete and strengthen semantic
information. Furthermore, ownership rules and compliance
conditions are introduced into the constraint generation
module to achieve collaborative inference between owner-
ship confirmation and circulation. The final output and spec-
ification for the matching and configuration of data elements
have been made in the circulation matching and ranking
optimization module. The various functional modules have
a closed loop structure with representation transmission and
constraint feedback to maintain consistency and traceability
between circulation path selection and ownership determi-
nation results, thus providing a uniform process of data
governance across multiple complex industrial scenarios.

B. MULTI-SOURCE HETEROGENEOUS DATA
MODELING FOR THE INTELLIGENT ROBOT INDUSTRY
There is a large degree of heterogeneity in the intelligent
robot industry data due to the different sources, structures,
sizes, and semantics around this type of data. This data
exists in several different formats simultaneously across
multiple modalities including device operation trajectories,
signals received during sensing/ interaction, records of in-
teraction between people and robots/devices, and business
text documents. These different modalities differ not only
in statistical distribution but also in semantic granularity.
Therefore, this study treats the industry data set as a multi-
model multi-source grouping in which the i-th element is
referred to as di =

{
x
(1)
i , x

(2)
i , . . . , x

(m)
i , . . . , x

(M)
i

}
, with

M being the number of models in the sample with each
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FIGURE 1. Overall architecture of industrial data element ownership confirmation and circulation

x
(m)
i representing the actual observation for that model.

Not only does this collection contain the actual data, but
it also contains implicit (but critical) information related
to the time of creation of the data, where it comes from,
and the setting for which the data is created, thus providing
the basis for unified modeling. To address the differences
in feature expression among different modalities, this paper
constructs a dedicated encoder for each modality, mapping
the original observations to latent representations. Let the
encoding function of the m-th mode be fm(·; θm), then the
representation of sample di in this mode is:

h
(m)
i = fm

(
x
(m)
i ; θm

)
(1)

In Formula (1), h(m)
i ∈ Rpm is the modal feature

vector; θm is the corresponding encoder parameter; pm is
the representation dimension of the modality. The feature
dimensions and statistical properties of different modalities
are not consistent, and direct concatenation can lead to
scale inconsistencies and noise amplification. Therefore, this
paper further introduces a shared semantic projection layer
to map each modal representation to a unified latent space:

z
(m)
i =Wmh

(m)
i + bm (2)

In Formula (2), Wm ∈ Rp×pm is the modal projection
matrix; bm ∈ Rp is the bias term; z(m)

i ∈ Rp is the modal
semantic representation under a unified dimension; p is the
common space dimension. This process aims to resolve the
expression differences between modalities. The selection of
a shared semantic projection layer is specifically dictated
by the high-dimensional sparsity of industrial robot data
(e.g., sensor trajectories vs. business texts). By utilizing a
linear projection to a common manifold, we preserve the
global topological structure of the data while mitigating
the ‘modality gap’ that often leads to vanishing gradients
in decentralized attention mechanisms. This allows data
from different sources to enter a stable semantic coordinate
system.

Within the unified latent space, this paper uses a semantic
attention mechanism to perform weighted fusion of multi-
modal representations, enabling the model to focus on key
semantics related to ownership recognition and circulation
matching [22,23]. Let the modal weight of sample di be
α
(m)
i , then there is:

α
(m)
i =

exp
(
q⊤z

(m)
i

)
∑M

j=1 exp
(
q⊤z

(j)
i

) , zi =

M∑
m=1

α
(m)
i z

(m)
i (3)

In Formula (3), q ∈ Rp is the semantic query vector, and
zi is the fusion representation of sample di. The weight α(m)

i

characterizes the contribution intensity of the m-th modality
to the comprehensive semantics of the current sample,
while the fusion vector zi carries the aggregation result of
multimodal information in the unified space. Compared with
simple averaging, this mechanism makes highly relevant
modalities occupy a higher proportion in the representation
and weakens the interference of redundant modalities on
subsequent tasks.

The data of the intelligent robot industry also has strong
temporal sequence, and the data value is often determined by
continuous state changes and dynamic interaction processes.
In order to maintain temporal correlation, this paper embeds
the time index into the unified representation and constructs
a sequence state representation:

ui,t = zi,t + pt (4)

In Formula (4), ui,t represents the temporal enhanced rep-
resentation of sample di at time t; zi,t is the fused semantic
vector at that time; pt is the temporal position code. This
processing enables the model to not only identify static
content features but also retain the sequential relationship
and evolutionary trajectory in the data generation process,
thereby incorporating the temporal link in the ownership
formation process into a unified expression framework.
Furthermore, to bridge the gap between technical features
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and real-world legal governance, the model introduces a
“Contractual Event Layer” within the temporal position
code pt. This layer functions as a logical gate that allows
external legal attributes and contractual ownership shifts to
override or modify the continuous state features, ensuring
that discrete legal changes are reflected in the evolutionary
trajectory alongside technical interaction data.

Based on the unified representation, this paper jointly
characterizes the structural and semantic attributes of indus-
trial data to form a multi-source heterogeneous data mod-
eling result adapted to the tasks of ownership confirmation
and circulation. Let the comprehensive representation of the
sample be ri, then:

ri = ϕ (zi, ui,1, ui,2, . . . , ui,T ) (5)

In Formula (5), ϕ(·) represents the feature aggregation
function; T is the time window length; ri serves as the
input representation for subsequent ownership identification,
semantic retrieval, and constraint generation. This represen-
tation compresses modal differences, subject associations,
and dynamic processes into a unified vector space, preserv-
ing the identifiability of data content and strengthening the
traceability of the data generation link, transforming indus-
trial data from the original observation layer into a structured
semantic object oriented towards governance tasks. Through
this modeling process, multi-source heterogeneous data in
the intelligent robot industry is organized into a represen-
tation with unified semantic constraints, providing a stable
data foundation for subsequent data ownership identification
and circulation matching mechanisms.

C. DATA OWNERSHIP IDENTIFICATION MODEL
The core of data ownership identification in the intelligent
robot industry lies in transforming the subject relationships,
contribution relationships, and usage boundaries in the data
generation chain into a computable structured representa-
tion. Based on the unified representation ri obtained in
Section 2.2, this paper maps each data point to a set of
nodes in the ownership graph, constructing a subject-data-
behavior ternary relationship. Let the ownership relationship
of data sample di be represented as Gi = (Vi, Ei) , where
Vi represents the set of subject nodes and data nodes,
and Ei represents the edges of generation, processing, use,
and benefit relationships between subjects. The goal of
ownership identification is to learn the mapping function
g(·) , such that the ownership label vector yi corresponding
to the data representation ri satisfies:

ŷi = g(ri;ψ) (6)

In Formula (6), ψ is the parameter of the ownership iden-
tification model; ŷi is the predicted ownership result; yi
describes the ownership status of the data source subject,
processing subject, user subject, and beneficiary subject.
To logically distinguish between a “User” and a “Benefi-
ciary” when their interaction data overlaps in the unified

embedding, the model incorporates a role-based attention
weight within the ternary relationship. This mechanism
explicitly separates direct operational interactions (User
role) from value-extraction results (Beneficiary role) by
mapping downstream utility metrics back to the subject
nodes, ensuring that downstream entities without genera-
tive participation are accurately categorized based on their
distinct relationship edges in the graph Gi.

To enhance the relationship inference capability, this
paper further introduces the adjacency weight matrix Ai

to describe the interaction strength between subjects [24],
and uses the graph representation propagation mechanism
to update the node state:

H
(l+1)
i = σ

(
D

−1/2
i AiD

−1/2
i H

(l)
i W (l)

)
(7)

In Formula (7), H(l)
i represents the node representation of

the l-th layer; Di is the degree matrix; W (l) is the parameter
matrix of the l-th layer; σ(·) is the nonlinear activation func-
tion. This update process propagates the local relationship
of the node layer by layer to the global structure, so that
the ownership determination no longer depends on static
rules, but is driven by the association strength in the data
generation link. In the ownership determination stage, this
paper decomposes the data rights into learnable multi-label
outputs to form a joint identification of the contribution
degree of different subjects. Let the predicted probability
of the k-th class of rights label be:

pik =
exp

(
w⊤

k zi + ck
)∑K

j=1 exp
(
w⊤

j zi + cj
) (8)

In Formula (8), wk and ck are the weight vector and bias
term of the k-th class of labels, respectively, and K is the
total number of rights labels. The training objective adopts
cross-entropy loss:

Lown = −
N∑
i=1

K∑
k=1

yik log pik (9)

In Formula (9), N is the number of samples, and yik
represents the true label. This novel objective function
integrates the determination of ownership boundaries, the
identification of contributors, and the learning of multiple at-
tributions related to contributions into a single optimization
framework. Therefore, the final output from the proposed
model can identify both the sources of the information
as well as all other parties who have been involved in
processing it or using it. The identification of the ownership
relationship also generates a structured mapping Ri of rights
that become the input for subsequent retrieval augmentation
and constraint generation, thereby producing a continuous
loop of ownership identification - semantic enhancement -
circulation matching. Figure 2 illustrates the data ownership
relationship model.

This data ownership relationship model illustrates the
hierarchy of interrelated entities that create data: the data

VOL. 15, NO. 3, AUGUST 20268077



W. Zou et al.

FIGURE 2. Data ownership relationship modeling

generator, the data processor, and the data user. Data nodes
are used to connect various entities based on their behavioral
characteristics, which creates an ownership identification
path from the data source back to the rights map.

To further clarify the core elements and semantic mean-
ings of each element in the ownership relationship modeling,
this paper formally defines the relevant structures, as shown
in Table 1.

TABLE 1. Ownership relationship structure definition

Element type Semantic
definition

Relationship type Modeling
methods

Data node Represents a
single data
instance

Generated Semantic vector
representation

Generating the
main body

Data source
entity

Generate relations Graph structure
connections

Processing main
body

The entity that
processes the data

Processing
relationship

Weighted edge
representation

User The main users
of the data

Usage
relationships

Semantic
association

Beneficiary Data value
distribution entity

Benefit
relationship

Ownership
mapping

Ownership Data ownership
set

Many-to-many
relationship

Constraint vector
representation

Table 1 standardizes the subject types, relationship struc-
tures, and representation methods in data ownership model-
ing, providing a structural foundation for subsequent own-
ership identification and constraint gener ation.

D. RETRIEVAL-AUGMENTED SEMANTIC COMPLETION
MECHANISM FOR INDUSTRY DATA
After completing the unified data representation and own-
ership relationship identification, incomplete information
and inconsistent semantic granularity still exist between the
supply-side data description and the demand-side semantic
expression, resulting in insufficient alignment between the
two in the unified space. This paper constructs a retrieval-
augmented semantic completion mechanism. Distinct from
general-purpose RAG frameworks, our approach introduces
a ‘constraint-aware knowledge index’ that retrieves not only
semantic definitions but also the legal and industrial logic
associated with data rights. By injecting subject-contribution
attributes directly into the augmentation loop, the model

differentiates itself from standard retrieval systems by en-
suring that the supplemented context is functionally rel-
evant to ownership boundaries rather than just linguistic
similarity. Let the initial representation of the i-th data be
xi, and the corresponding demand representation be qj . A
domain knowledge index K = {k1, k2, . . . , kl, . . . , kL} is
constructed, where kl represents the l-th knowledge vector,
and L is the number of knowledge entries. The query
representation and knowledge vector are matched using a
similarity function to obtain the retrieval weight:

βil =
exp

(
x⊤i kl/τ

)∑L
s=1 exp

(
x⊤i ks/τ

) (10)

In Formula (10), τ is a temperature parameter used to
adjust the smoothness of the similarity distribution, and βil
represents the contribution weight of the l-th knowledge
to data di. Based on this weight, the knowledge base is
weighted and aggregated to form a semantic completion
vector:

x̃i =

L∑
l=1

βilkl (11)

This vector is used to supplement the missing contextual
semantic information in the original data representation. On
this basis, the original representation and the completion
representation are fused to construct an enhanced semantic
representation:

x∗i = γxi + (1− γ)x̃i (12)

In Formula (12), the parameter γ ∈ [0, 1] is used to
balance the contribution ratio of the original data seman-
tics and external knowledge information, and x∗i is the
semantically enhanced data representation. To ensure the
alignment effect of the supply side and the demand side in
the same semantic space, a retrieval augmentation process
is introduced into the demand representation qj to obtain
the enhanced representation q∗j , and the matching degree
between the two is measured by the alignment function:

sij =
(x∗i )

⊤q∗j
∥x∗i ∥∥q∗j ∥

(13)
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In Formula (13), sij represents the similarity between
data di and demand qj in the enhanced semantic space.
This measurement result not only reflects the surface fea-
ture matching, but also integrates domain knowledge and
contextual semantic information, enabling the supply and
demand sides to form a consistent expression at the implicit
semantic level.

This mechanism dynamically completes the original data
representation by introducing external knowledge index and
semantic retrieval process, expanding the data semantics
from a local description to a global expres sion with
contextual relevance. The semantic enhancement results
directly participate in matching inference in the subsequent
constraint generation stage, enabling ownership information
and semantic information to work together in a unified
representation space, thereby improving the matching ac-
curacy and expression completeness of data elements in the
circulation process.

E. RAG-CGM COLLABORATIVE INFERENCE
MECHANISM
Based on the semantically enhanced representations x∗i and
q∗j , the rights confirmation result needs to be embedded in
the generation process in the form of structured constraints,
so that the circulation inference is completed under the
ownership boundary and compliance rules. To this end, this
paper constructs a collaborative inference model for con-
straint generation, transforming the ownership identification
output Ri into a constraint vector ci, and jointly modeling
it with the semantic representation to form the condition
generation input. Let the joint representation of the supply
side and the demand side be:

hij = ϕ(x∗i , q
∗
j , ci) (14)

In Formula (14), hij is a constrained joint semantic
representation, which simultaneously encodes data content,
demand semantics, and ownership boundary information.
Based on this representation, a conditional generation model
is constructed to probabilistically model the supply-demand
matching relationship:

P (yij | x∗i , q∗j , ci) =
exp(w⊤hij + b)∑
k exp(w

⊤hik + b)
(15)

In Formula (15), yij represents the matching label of data
di and demand qj , and w and b are model parameters. This
distribution characterises a level of trust regarding gener-
ating matched pairs of relationships that are constrained
in those relationships. The constraint vector ci provides
border control during the matching process and restricts the
creation of matching paths that do not meet the condition of
ownership within the space of probabilities to provide a di-
rect constraint of ownership results of circulation decisions.
A constraint consistency function C(yij , ci) is introduced to
help enhance how much influence constraint information has
on generation results. The constraint consistency function

measures how consistent the matching results are to the
ownership rules, and it shall be included as part of the
optimization objective:

L = −
∑
i,j

yij logP (yij | x∗i , q∗j , ci) + λ
∑
i,j

C(yij , ci)

(16)
Formula (16) defines λ as the trade-off coefficient. The

trade-off coefficient acts as the control mechanism to create
a balance between two types of matching: a semantic match
and a consistent constraint match. The function C(·) is used
to help penalize the matches that violate either the ownership
boundary or usage rights so that the generative model is
able to learn more often the circulation paths that comply
with the ownership constraints during the learning process.
This change in the generative model moves the generation
process from a single semantic match to a dual-inference
process that consists of a semantic match and ownership
match.

In the inference stage, the candidate match set is gener-
ated based on conditional probabilities, and also by com-
bining constraint consistency for screening and ranking
purposes so that interpretable match results can be provided.
Furthermore, the output shows the alignment of supply and
demand, as well as the path of constraint actions taken to
create a continuous inference link between the identification
of ownership and the decision-making process regarding the
circulation of that ownership.

F. GENERATION SCORE-DRIVEN CIRCULATION
MATCHING AND RANKING OPTIMIZATION
Following the identification of possible pairings through the
constraint generation model, there is a need to perform a
global evaluation of the supply-demand relationship in order
to determine how to generate the most efficient route for
making decisions for circulating data. Therefore, this paper
proposes construction of a mechanism for optimization for
ranking and matching based on generation score with con-
sideration to semantic similarity, ownership and consistency
of generation, and confidence of generation for data that
has a comprehensive matched score with respect to demand,
represented by di and qj .

Sij = αsij + βP (yij | x∗i , q∗j , ci) + γC(yij , ci) (17)

In Formula (17), P (yij | x∗i , q∗j , ci) is the output of the
constraint generation model and refers to the probability that
a given match is generated with respect to the ownership
conditions, as a measure of the credibility of the match. The
function C(yij , ci) is a measure of how well the results of
the matching operation conform to the ownership constraints
through the use of constraint consistency. The parameters
α, β, and γ determine the relative weighting of the three
types of information into the final, comprehensive score.
The scoring function integrates the semantic information
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with the ownership constraints so that the combined rating
reflects both the quality of the match and whether or not
it meets the respective ownership requirements. Using the
score matrix {Sij}, each datum point is ranked according to
the demand set to generate a list of candidates that makes
up the candidate matchings sequence πi. In order to ensure
global optimality, a normalized ranking function is created:

Ŝij =
exp(Sij)∑
k exp(Sik)

(18)

Ŝij in Formula (18) represents a normalized probability
of matching used to remove the difference between sample
scoring scales. The ranking procedure generates a priority
ranking based on Ŝij , so that the best quality match rela-
tionships that meet the ownership constraints are located at
the top of the priorities so the overall matching efficiency
can be improved.

In order to remain current with changes in the circulation
of data, an online update mechanism adjusts scores itera-
tively. The score after the t-th update is denoted as S(t)

ij ,
and then there is:

S
(t+1)
ij = (1− η)S

(t)
ij + η∆

(t)
ij (19)

η is the update step size parameter, and ∆
(t)
ij represents

the correction term obtained based on the latest interactive
feedback and constraint changes.

III. EXPERIMENTS
A. EXPERIMENTAL DATA SOURCES AND SAMPLE
COMPOSITION
To evaluate the effectiveness of this method in identify-
ing and circulating data elements in the intelligent robot
manufacturing industry, experiments are conducted using
multi-source, heterogeneous industry information existing
in the field. The information is based upon data related to
machinery operations, operational system interactions, and
business managements of intelligent robot manufacturers,
which creates cross-entity, multilevel data structures. Each
individual piece of information data has three pieces of
information (the generating entity, the processing entity, and
the user entity information) as well as time stamped and
scene semantic information to allow ownership link model
and semantic analysis capability.

In terms of sample composition, the dataset is orga-
nized according to the structure of “data instance— entity
relationship—ownership label”. Data instances are stan-
dardized by unified semantic encoding, entity relationships
describe the interaction structure in the data generation and
usage process, and ownership labels, in multi-label form,
characterize the data ownership and are used for model train-
ing and evaluation. Data partitioning follows the principle
of distribution consistency. A stratified sampling strategy
is adopted, with joint constraints on the two dimensions
of entity type distribution and ownership label category,

dividing the original data into training, validation, and test
sets according to a fixed ratio. During the segmentation
process, statistical normalization is performed on the cate-
gories and ownership labels of each subject, controlling the
deviation of the proportion of the corresponding category
in each subset from the overall distribution to not exceed
a preset threshold. To address the inherent data imbalance
between prevalent sensor logs and sparse business texts,
a modality-specific re-weighting strategy is implemented
during the “weighted fusion” process. This ensures that
the model does not become biased toward high-frequency
sensor modalities; instead, the query vector q in the attention
mechanism is regularized to amplify the semantic influence
of rare but critical data modalities, maintaining a logical
balance across heterogeneous sources during training and
validation. This ensures the consistency of different data
subsets in terms of structural composition and label distri-
bution, avoiding interference from sample distribution shifts
on model training and evaluation results. This processed
dataset contains combined instances of multiple subjects
ranging across many combinations of complex semantically
rich properties. This processed dataset provides evidence for
evaluating generative models’ performance when verifying
rights and matches based on circulation.

B. COMPARISON METHODS
To evaluate the effectiveness of the proposed method in
the ownership verification and coordination of a data ele-
ment, an experiment is set up that includes representative
models published in the last few years (from different
technology tracks) to use as a baseline for comparison.
The models include pre-trained generative models, retrieval-
augmented generative models, and structure-constrained
generative models. The comparison methods are processed
using a uniform dataset and under the same training condi-
tions to provide an objective comparison of the results of
each experiment. The following list contains the four types
of comparison methods selected for use in the experiment:

(1) Basic generative models include GPT-3 (Generative
Pre-trained Transformer 3) as the baseline approach [25,26].
GPT-3 uses an autoregressive (AR) generation methodol-
ogy to maximize the conditional probability of complet-
ing the sequence modeling process. The model has great
performance in terms of language modeling and semantic
representation, because it lacks the means to introduce
outside knowledge enhancement mechanisms, and there are
no external constraints for modeling the ownership of data
resulting in insufficient accuracy matching and compliance
when used in more complex data circulation situations.

(2) RAG (Retrieval-Augmented Generation) is offered as
an approach to benchmark the retrieval-augmented gener-
ative models [27,28]. By combining generative modeling
with retrieval from an external knowledge base, this method
provides substantial benefits to semantic completion, as well
as utilizing a wealth of knowledge; however, during the
generation phase of the model, there are no explicit struc-
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tural constraints proposed, thus making it more challenging
to ensure that the generated output adheres to the data
ownership boundaries or the specified usage rules.

(3) T5 (Text-to-Text Transfer Transformer), which is used
for structured generative models, is presented as a coherent
generative framework for comparative purposes. This type
of model converts different types of tasks into a unified text
generation problem, leading to good results for generalisa-
tion across tasks and finding a word with the intended mean-
ing across tasks. However, T5 does not include a specific
method for modeling multi-source heterogeneous data, and
therefore does not have a strong representation of ownership
relationships or constraints on a term’s circulation.

(4) In addition to showing that constraint mechanisms are
important, CTRL (Conditional Transformation Language)
provides an example of a conditional generation model used
for decoding constraints. By means of constraint labels,
CTRL uses conditional limits to a limited extent but also
relies on discrete controls for most constraint implementa-
tions.

C. CORE EVALUATION METRICS DESIGN
The evaluation metrics are developed with four key dimen-
sions in mind: the accuracy of identifying ownership; the
quality of semantic matching; constraint consistency; and
the effectiveness of rank ordering for circulation. Therefore,
all of the experimental measurements can be expected to
represent the overall capabilities of the model throughout
the multi-stage collaborative process in a consistent manner.
All metrics are computed from a single common test set, and
all four metrics utilize evaluation criteria that are consistent
across all evaluation methods to provide objective and
comparable evaluation results.

As far as ownership identification is concerned, precision,
recall, and F1 score are the metrics that score a model’s per-
formance against having the correct data ownership labels
identified. For semantic matching and circulation match-
ing, NDCG (Normalized Discounted Cumulative Gain) and
MRR (Mean Reciprocal Rank) metrics are introduced as
two methods of evaluating ranking results [29,30]. NDCG
indicates the distribution position of highly relevant data
within the rank order; MRR provides information about
the relative position of the correct matches within the rank
order (i.e., their priority), which can be used to evaluate the
responsiveness of the model to circulation decisions.

A new index for evaluating the degree of constraint
consistency based on quantitative and statistical analysis
of the degree of matching on ownership constraints is
developed as an effective way to measure how well a model
can enforce rule boundaries when coordinating between
confirming ownership and circulating ownership informa-
tion.

From the above index, a multi-dimensional evaluation
system has been developed to give a comprehensive eval-
uation on various methods using three levels: identification
of an ownership, semantic matching, and constraint con-

sistency. The details and functions of this new system are
presented in Table 2.

TABLE 2. Definition and explanation of evaluation indicators

Indicator name Evaluation dimensions Function description

Precision Ownership
identification

Assess the accuracy of
ownership determination results

Recall rate Ownership
identification

Measuring the coverage of
ownership identification results

F1 value Ownership
identification

Comprehensive reflection of
the accuracy and completeness
of identification

Constraint
Consistency Rate
(CCR)

Ownership
identification

The degree of consistency
between the generated results
and the ownership constraint
rules is measured to assess the
compliance and structural
stability of the ownership
confirmation results.

NDCG Circulation sorting Measuring the overall ranking
quality of matching results

MRR Distribution matching Prioritizing correct matching
results

Consistency rate Constraint generation Measuring the degree to which
matching results conform to
ownership rules

This research describes the ability of different models to
perform based on a number of different types of perfor-
mance measures. In this way, the evaluation system can
provide a better picture of how effective and stable the
method developed herein is for confirming who owns data
and coordinating its movement.

D. EXPERIMENTAL ENVIRONMENT AND
IMPLEMENTATION DETAILS
In a unified computing environment, the experiments use a
multi-core CPU (Central Processing Unit) and GPU (Graph-
ics Processing Unit) collaborative computing architecture
for the stability and efficiency of both the model’s training
and inference processes. The model is developed using a
deep learning framework and is modularly designed ac-
cording to the process of “semantic modeling, ownership
recognition, retrieval aug mentation, constraint generation,
and ranking optimization.” Each module’s parameters are
jointly optimized during the same training process. The
batch input method and the adaptive optimization algorithm
used in the updating of the model’s parameters facilitate
increasing the speed at which the model converges and the
stability of the model’s training.

As far as implementation specifics are concerned, multi-
source heterogeneous data is pre-processed and a uniform
mapping between source and fixed dimension space created,
aggregating data into the computation for future modules
as contained within the shared representation; the retrieval
augmentation module uses domain knowledge indexed re-
trieval methods to find semantic completion information
quickly; ownership relationship definitions are converted
into structured vector representations for defining ownership
written in constraint generation module to ensure the output
from the generation process meets ownership requirements;
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algorithm global rank of candidate matches achieves through
overall scoring system and repetitive procedures to allow
adaptive adjustment of rankings. All comparison methods
are implemented indepen dently under the same environ-
ment and data partitioning conditions, and the parameter
settings follow their respective original model configurations
to ensure the fairness and reproducibility of experimental
results.

IV. RESULTS
A. DATA OWNERSHIP IDENTIFICATION RESULTS
This section focuses on the evaluation of ownership identifi-
cation capabilities during the data element own ership con-
firmation process. A unified measurement and comparative
analysis of different generative model performance against
multiple indicators of performance is performed according
to the previously described constructed dataset and compar-
ative assessment method system. Each generative model is
evaluated systematically with respect to the results of own-
ership determination generated across all models relative to
their semantic representations and all associated constraints.
To determine stability of recognition across complex data
relationships, ranking and consistency indexes characterize
the stability of each model’s recognition process and its ad-
herence to rules that produce the recognition of ownership.
Overall performance of each model is fully characterized
through the index values, which are summarized in Table 3
demonstrating the ownership recognition performance of all
models.

TABLE 3. Original comparison results of ownership recognition performance

Methods Precision Recall F1-score CCR (Constraint
Consistency Rate)

Reasoning time
(ms)

Stability (Std)

GPT-3 0.842 0.815 0.828 0.791 128 0.021
T5 0.857 0.829 0.843 0.806 135 0.018
CTRL 0.861 0.836 0.848 0.834 142 0.017
RAG 0.874 0.852 0.863 0.847 156 0.015
Proposed 0.913 0.889 0.901 0.912 148 0.012

Table 3 provides a comparison among different methods
by utilizing various metrics and shows that the proposed
method provides a value of 0.913 when using the Precision
metric, with Recall at 0.889 and F1-score at 0.901; these
metrics represent a significant improvement over the RAG
baseline. To further quantify the quality of semantic repre-
sentation independently of downstream tasks, we conducted
a Cosine Similarity Analysis within the latent space. The
RAG-CGM method achieved a semantic alignment score of
0.942, compared to 0.865 for the standard RAG and 0.812
for GPT-3. This 8.9% improvement in intrinsic semantic
clustering proves that our unified embedding module cap-
tures multimodal nuances more effectively than traditional
sequence-only modeling. The performance gain is primarily
attributed to the retrieval augmentation mechanism. Addi-
tionally, the reduction of misjudge/miscalculation chance
results from improved representation. In the case of the CCR
metric, the proposed method produces an output of 0.912,

while CTRL produces an output of 0.834; therefore, it is
suggested that the constraints generation mechanism used
for embedding ownership rules produces stronger structural
constraints which ensure improved result consistency be-
tween ownership relationships that are complex. In terms
of time, the proposed technique records a time of 148
ms, which is slightly above that of other generative AI
systems but below that of RAG at 156 ms. The reduction
in the size of the search space due to the use of constraint
guidance also gives rise to a more concentrated matching
path, thus minimizing redundant calculations. The stability
index decreases over time from a maximum of 0.021 to a
minimum of 0.012, indicating that there has been a reduction
in the magnitude of fluctuations in the model after repeated
training and inference processes. In this way, the system
has demonstrated greater robustness. When reviewing all
dimensions, the proposed method provides effective trade-
offs among ownership recognition accuracy, constraint con-
sistency, and operational stability, validating the ability of
the generative semantic enhancement mechanism of gen-
erative semantic enhancement and the constraint synergy
mechanism to confirm the ownership of data elements.

B. DATA CIRCULATION MATCHING RESULTS
Performance of data element circulate process is analyzed
in this section. Performance evaluation of various generative
models with respect to matching quality and circulation ef-
ficiency has been made using unified ownership constraints
and semantic representation as the basis of the comparison.
Ranking relevance and matching priority are the primary di-
mensions for the experimentation, while circulation success
rate is an introduction to assess the generative models’ effec-
tiveness of matching in a real-world context under numerous
constraints. Furthermore, multi-index coupling analysis has
been utilized to identify differences in performance of the
generative models in the data circulation scenario, and there-
fore systematic evaluations of the comprehensive features of
each methodology have been produced. The relevant results
are displayed in Figure 3, which represents the distribution
of data circulation matching performance.

The NDCG and MRR two-dimensional method specifi-
cations are arranged hierarchically, as depicted in Figure

3. The method presented within this paper occupies the
top-right quadrant of the graph, featuring an NDCG of 0.914
and MRR of 0.879. The size of the bubbles reflects the flow-
carrying capacity of these models, while the flow success
rate of the method in this paper is approximately 0.892.
The reason for this difference is that by reconstructing the
semantic-space definition during retrieval augmentation, a
better-defined basis of candidate pairs to rank is utilized,
improving the respective ranking quality and increasing
their ranking priority. In the example modeling of constraint
information, CTRL (0.781) produces a higher-flow success
rate than T5 (0.758), but its NDCG values (0.846) are less
than the method presented in this paper. In this instance,
although more constraints increase compliance of matching
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FIGURE 3. Distribution of data circulation matching performance

pairs, they still do not expand their semantic representation
sufficiently, thus limiting their relevance when ranking them.
The GPT-3 approach, without external knowledge use or
outside agency or structure, shows remarkable performance
inconsistencies, with NDCG and MRR scores of 0.812 and
0.768, respectively, as well as a success ratio of just 0.735,
indicating that the degree to which metrics correlate is
impaired due to the existence of matching biases resulting
from incomplete semantics and absence of rules in their
generated context. The proposed method’s higher quality
stems from the degree of consistency created in the available
candidate pool due to pressures created by the constraints,
thereby preventing some invalid matching paths while de-
creasing the matching capabilities, thereby increasing the
quality of matches while increasing the overall match speed.
The proposed method has created an integrated effect across
data streams between the matched semantic quality and the
matched ownership restriction mechanism, which provides
a consistent and stable balance between matched accuracy
and matched compliance in the flow of the data over the
process.

C. COMPLIANCE CONSTRAINTS AND RISK CONTROL
RESULTS
This part evaluates how the generative model can be used
to guide collaboration for governance purposes. The analy-
sis of this governorship is done through the examination
of the governing capabilities with respect to ownership,
use, and enforcement rules/standards. Using a common
model template and configuration can provide the ability
to compare different ways to control governorship (through
variable weightings) and determine how the models react
dynamically to changes in compliance and risk control. This
experiment details three metrics (i.e., constraint hit potential,
risk interception impact, and cost of false interception)
that define the performance of governorship. The model
continually samples response data under differing degrees
of constraint at each sampling in order to help create a
performance evolution portfolio of the generation process
under rule-based conditions. Therefore, the development of
this portfolio develops a multi-objective tradeoff between

compliance and risk control as shown in Figure 4 with
results of the distribution of compliance constraints and risk
controls (i.e. Pareto).

As shown in Figure 4, every sample point has a con-
tinuous distribution within the 2D region of the false in-
terception rate and risk interception rate and follows a
stable evolutionary path along the Pareto Frontier. The risk
interception rate increases from 0.742 to 0.908 with an
increasing constraint weight from 0.1 to 1.5, while the
false interception rate decreases from 0.182 to 0.071. This
shows that adding constraint information at generation time
increases the ability to suppress risky pathway types while
filtering out high-risk pathways early on, thus reducing the
likelihood of a false approval. The curves also illustrate
clear signs of convergence behaviour within the high-weight
interval, with the increase in risk interception rate reducing
progressively from 0.897 to 0.908 and the decrease in
false interception rate flattening out from 0.081 to 0.071.
This is due to the compression effect of the generated
pathway reaching its limit, as the space for the constraint
has become increasingly saturated throughout the generation
process, causing the performance gain to exhibit diminishing
marginal returns. The Pareto front has a convex structure
that is also monotonic, meaning that all three conditions
of optimality apply regardless of the constraints imposed
on the model. Any alterations in these parameters can not
degrade performance or cause any abnormal fluctuations.
The method can be thought of as a continuously adjustable
synergistic mechanism for both constraints of ownership and
the control of risk. As a result, there exists a consistent and
stable balance between the amount of security provided and
the availability of data in its flow process.

D. INTERPRETABILITY AND OWNERSHIP
TRACEABILITY RESULTS
This section explores the methods that can be used to
determine whether data elements are owned through the
generative blockchain model. The generative model uses a
single unified model output structure to expand upon and
establish a comprehensive framework for the life cycle,
including all transitions, movements, and processing stages,
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FIGURE 4. Pareto front for constraint compliance and risk control

weight integration and conflict resolution in a multi-source
contribution model, thus providing for a global consistent
basis for determining ownership, and not being based on a
single branch path. The method, while outputting ownership
results, forms a complete and analyzable inference chain,
achieving interpretable expression and path-level traceability
of the ownership confirmation process.

E. ABLATION EXPERIMENT AND MODULE
CONTRIBUTION
This part of the study provides an analysis of how each core
functional module contributes to the ownership confirmation
and circulation coordination process. In order to conduct
this analysis, multiple sets of control models are developed
within a consistent experimental environment and with a
consistent evaluation system; each control model has been
developed by removing key modules from the original
model and therefore can be used to compare the relative
performance changes among the various ownership identifi-
cation accuracies, consistency of constraints, and effects of
circulation for each of the models that comprise this ongo-
ing research project. While maintaining overall structural
consistency, different models only remove corresponding
functional units to characterize the strength and influence
path of each module in the generation and inference chain,
thereby revealing the source structure and internal driving
mechanism of model performance improvement. The multi-
indicator comparison of relevant ablation results is shown
in Figure 6.

Figure 6 shows that the complete model maintains optimal
performance across all metrics, with F1-score, CCR, and
circulation success rate reaching 0.901, 0.912, and 0.892
respectively, while stability remains at a low level of 0.012.
After removing the constraint generation module, CCR
decreases from 0.912 to 0.834, a drop of 0.078, and the
circulation success rate simultaneously decreases to 0.781.
This indicates that ownership constraints play a crucial
structural constraint role in the generation process, and their
absence leads to a shift in the expression of ownership
relationships, simultaneously inhibiting compliance and cir-

associated with a single data instance. Through graph-based 
modeling of the behaviors of multiple subjects in relation 
to one another, the pathways over which ownership of 
the data is determined are established and documented by 
mapping ownership determination outputs to a traceable set 
of pathways. The weight of each edge that represents the 
contribution of each stage to the final f ormation o f data 
ownership provides a means to enable a backward analysis 
or logical reconstruction from result back to process and 
therefore to validate the transparency and consistency of the 
data ownership confirmation m echanism i n c omplex flow 
environments. The graphical interpretation of the pathway 
that depicts the ownership evolution of related data is shown 
in Figure 5.

Figure 5 shows that data, starting from the initial genera-
tion node, propagates through the generating entity, process-
ing entity, and user entity, forming a multi-path propagation 
pattern with both branching and convergence, ultimately 
achieving normalized mapping at the ownership node. The 
weight of the main propagation path is 0.92, 0.87, 0.84, 
0.81, and 0.89, respectively, resulting in approximately a 
smooth decline or reinforcing rate. The reason for this 
decline in the propagation path is a result of reorganizing 
the data and reassessing the value of data during data 
processing and transmitting. Because of this reorganization 
of the data and the reassessment of the value of the data, 
a disconnect through the intermediate stage where there 
is a structural loss in the contribution of the intermediate 
stages can be seen. At the time of creating the ownership 
mapping, the constraint rules help to reinforce the weights 
of the ownership of key nodes at the final c onfirmation of 
ownership. The branch paths that run from the processing 
node to the secondary user node are less weighted than 
the main path (0.76 and 0.82 respectively). This is because 
paths that don’t dominate due to the constraint generation 
mechanism are given lower weights by being screened 
for path credibility during the attribution of ownership, to 
prevent multi-path interference and alteration of the resultant 
output. All of the different branch paths merge at the 
ownership node, showing that the model has performed
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FIGURE 5. Visualization of ownership tracing path

FIGURE 6. Ablation study of model components

culation matching. After removing the retrieval augmenta-
tion module, F1-score decreases from 0.901 to 0.863, while
stability increases from 0.012 to 0.015. This change stems
from the weakened ability of the model to characterize
contextual relationships after the loss of semantic support
information, leading to increased fluctuations in recognition
results. When removing the circulation optimization module,
the circulation success rate reduces from 0.892 to 0.801.
The CCR and F1-score reductions are also smaller relative
to the other methods, which makes it evident that the
impact of this module is limited only to the structural
optimization portion of the matching resolution task versus
the actual ownership determination task. For the removal of
the semantic completion module, all performance measures
report equivalent reductions: F1=0.869, CCR=0.859, with
an increase in stability to 0.017. The overall performance
of the model shows that semantic consistency serves as
an important foundational support for multi-stage inference
processes. Each module has a clear division of responsibil-
ities, performing different functions: constraint generation
defines the boundaries for ownership consistency; retrieval
enhancement and semantic completion support represen-
tation capabilities; and circu lation optimization adjusts
matching efficiency. These modules work together to build

a stable integrated system for ownership verification and
circulation management.

V. CONCLUSION
This paper addresses the issues of unclear ownership and
insufficient coordination in the confirmation and circulation
of data elements in the intelligent robot industry. It con-
structs an integrated methodology that combines generative
modeling, retrieval augmentation, and constraint generation
mechanisms, achieving unified semantic expression of data
through multi-source heterogeneous data modeling. Based
on this, an ownership relationship identification model is
introduced to characterize multi-subject associations, and
a semantic completion mechanism enhanced by retrieval
strengthens contextual consistency. Furthermore, constraint
generation drives collaborative inference in ownership con-
firmation and circulation, ultimately achieving efficient al-
location of data elements in the circulation matching and
ranking optimization modules. Experimental results show
that this method achieves stable improvements in ownership
identification and circulation coordination. The complete
model achieves an F1-score of 0.901, a significant advan-
tage over removing key modules. The constraint consis-
tency rate (CCR) reaches 0.912, reflecting the structural
stability of ownership expression. The circulation success
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rate reaches 0.892, demonstrating the effectiveness of the
matching mechanism. Simultaneously, the risk interception
rate reaches 0.908 with a low misjudgment level, indi-
cating that the model achieves a balance between com-
pliance constraints and circulation efficiency. The above
results demonstrate that the method establishes a complete
technical chain in complex industrial data environments,
encompassing semantic modeling, ownership determination,
and circulation optimization. This ensures that data elements
possess clear ownership boundaries and traceable paths
during circulation, possessing significant application value
for promoting the standardized ownership confirmation and
efficient circulation of data elements in the intelligent robot
industry.
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