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ABSTRACT

With the widespread adoption of mobile internet technologies and a growing public
awareness of legal rights, demand for real-time and accurate legal advice in mobile envi-
ronments has increased significantly. Traditional legal services are constrained by uneven
resource distribution and delayed response times. Existing legal advisory systems, which
often rely on static knowledge bases or simple rule-matching techniques, have demonstrated
notable limitations in understanding personalized user needs, processing multimodal inputs,
and adapting to mobile devices. Collaborative filtering methods require large-scale annotated
datasets and are generally inadequate in capturing the domain-specific semantics of legal
texts. Recurrent neural networks (RNNs) and other models impose computational burdens
that hinder real-time responsiveness on mobile platforms. Moreover, they lack mechanisms
for high-order feature integration and key information extraction in user-legal knowledge
interactions. To address these challenges, a real-time legal advisory model based on an
attention-compressed interactive network was proposed. By extracting interaction features
between user consultation texts and legal knowledge units and integrating an attention
mechanism to filter critical semantic information, a lightweight compressed interaction net-
work was designed to enable high-order feature fusion while remaining suitable for devices
with limited computational capacity. A score prediction module was incorporated to quan-
tify the relevance of advisory responses, forming an end-to-end recommendation system.
This approach overcomes dual bottlenecks in semantic modeling and device adaptability
that hinder traditional models, providing a technical solution for generating efficient legal
advice in mobile settings. The findings offer practical implications for deploying intelligent
legal services on edge devices and contribute to the broader development of accessible legal
infrastructure.
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1  INTRODUCTION

With the proliferation of mobile Internet technologies [1-3] and the advancement
of public legal awareness [4, 5], an exponential increase has been observed in the
demand for real-time and accurate legal advice in mobile contexts. In daily life, legal
issues such as contract review, dispute resolution, and rights protection frequently
arise [6-9]. However, traditional legal services are hindered by uneven resource
distribution, prolonged response times, and high professional entry barriers [10, 11],
rendering them inadequate for addressing fragmented and real-time consultation
needs in mobile scenarios. Due to their portability and widespread adoption, mobile
computing devices have emerged as a critical interface between users and legal
resources [12, 13]. Nevertheless, existing legal advisory systems predominantly
rely on static knowledge bases or rudimentary rule-matching approaches, which
lack the capacity for deep understanding of personalized user needs and dynamic
interaction. These systems are particularly ineffective in processing complex case
descriptions and multimodal inputs, where semantic alignment and knowledge
recommendation must be executed efficiently. Against this backdrop, the develop-
ment of a real-time legal advisory system tailored for mobile devices through deep
learning methodologies is a pivotal challenge in enhancing the accessibility of public
legal services.

Current research on intelligent recommendation in the legal domain has
primarily employed conventional machine learning techniques or baseline neural
network models. Some studies [14-16] have leveraged traditional recommendation
algorithms to analyze users’ historical consultation records; however, these methods
are heavily dependent on large-scale annotated datasets and are generally incapable
of capturing the specialized semantics inherent in legal texts. Other studies [17-19]
have explored the application of artificial intelligence in processing legal consul-
tation texts but have encountered limitations related to computational constraints
of mobile devices. High model complexity has resulted in inadequate real-time
responsiveness. Furthermore, traditional models [20, 21] often fail to integrate
high-order features and filter key information effectively when modeling interac-
tions between user input and legal knowledge units. For instance, vague expressions
or polysemous terms in user queries are rarely addressed with targeted attention
mechanisms, leading to reduced recommendation accuracy. More critically, limited
consideration has been given to the hardware constraints of mobile devices, and
significant deficiencies persist in model light-weighting and local deployment strat-
egies. As a result, existing systems struggle to balance computational efficiency with
advisory effectiveness.

Focusing on the demand for real-time legal advisory services on mobile
computing devices, an intelligent model based on an attention-compressed mobile
interactive network was proposed in this study. The model architecture comprises
four core modules. First, interaction features between user consultation texts and
legal knowledge units were extracted, with critical semantic information identified
through an attention mechanism. Second, a lightweight compressed interactive
network was designed to achieve high-order feature fusion between user input
and legal knowledge, thereby addressing the computational limitations of mobile
devices. Third, a score prediction module was incorporated to quantify the rele-
vance of legal recommendations, enabling dynamic ranking and precise sugges-
tion generation. Finally, an end-to-end recommendation system was constructed to

International Journal of Interactive Mobile Technologies (iJIM) iJIM [ Vol. 19 No. 18 (2025)


https://online-journals.org/index.php/i-jim

iJIM | Vol. 19 No. 18 (2025)

Real-Time Legal Advisory System for Mobile Computing Devices via Deep Learning

support the intelligent generation of legal knowledge units and real-time feedback.
In contrast to existing research, the primary innovation of this work lies in the
integration of an attention mechanism with a compressed interactive network.
This approach preserves the semantic modeling capacity of deep learning for
legal texts while significantly reducing model complexity through architectural
optimization, making it suitable for deployment on resource-constrained mobile
platforms. The findings offer not only a technically efficient solution for real-time
legal advisory systems but also a methodological reference for legal text process-
ing and lightweight model design. These contributions are expected to facilitate
the transition of intelligent legal services from cloud-based frameworks to edge-
side deployment, thereby advancing the implementation of accessible and inclu-
sive legal infrastructure.

2 REAL-TIME LEGAL ADVISORY MODEL BASED ON AN ATTENTION-
COMPRESSED MOBILE INTERACTIVE NETWORK

2.1 Model architecture

The foundational architecture of the real-time legal advisory model is
centered on the dynamic interaction between user needs and legal knowledge,
implemented through a four-layer modular design that enables an end-to-end
pipeline from text processing to intelligent recommendation. Initially, legal con-
sultation texts submitted by users and the corresponding legal knowledge units
were vectorized and structured into feature representations, which were subse-
quently input into a compressed mobile interactive network specifically designed
for resource-constrained mobile devices. Through multilayer nonlinear transforma-
tions, the network captured high-order semantic associations between user queries
and legal knowledge units—for example, mapping critical legal elements expressed
in user language to their corresponding legal concepts. An attention mechanism
was employed to assign semantic weights to core components within the interac-
tion texts, prioritizing ambiguous expressions, polysemous terms, and complex case
details while filtering irrelevant or redundant content. This process resulted in the
generation of mobile-interactive textual features that preserve essential semantic
information.

Upon completion of core feature extraction, feature fusion was performed using
activation functions to integrate mobile-interactive textual features with historical
scoring data reflecting prior recommendation relevance. This cross-modal fusion
yielded a final feature vector encapsulating both personalized user intent and the
contextual attributes of legal knowledge. The user-side features emphasize deep
semantic representation of consultation intent, while the legal knowledge unit
features highlight the applicable legal domain and professional scope of the knowl-
edge. The fused representation was then passed through a dense network to predict
the relevance score between user input and legal knowledge units. A series of non-
linear transformations in fully connected layers were used to quantify the degree of
alignment, providing a numeric basis for recommendation ranking and ensuring
highly relevant legal suggestions are delivered in real time. Of particular note, the
legal knowledge unit features are treated as a re-constructable component, dynam-
ically optimized through a language model estimation mechanism. This enables
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continuous refinement of knowledge representation. The basic model architecture
is illustrated in Figure 1.

1an(.) Legal knowledge
’ unit features \

Hadamard Dense Predicted
—> a recommendation
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Unigram language model
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(Addilional suggestions)

Fig. 1. Foundational architecture of the real-time legal advisory model

2.2 Mobile-interactive text feature extraction

The set of user-generated interactive texts on mobile devices is defined
as w,={w, w,, ., Wj}, where W] denotes the j-th interactive text, and s rep-
resents the total number of user interactions. These texts comprise multi-turn
dialog inputs submitted to the real-time legal advisory system, including case
descriptions, historical consultation records, and supplementary legal inquiries.
To accommodate the computational constraints of mobile devices, lightweight
text encoding techniques were adopted to transform each interactive text into
a low-dimensional dense vector. This transformation preserves essential legal
semantic information while reducing data dimensionality. The resulting encoded
vector sequences were input into the compressed mobile interactive network,
which was structurally optimized for limited memory and computational capac-
ity. This optimization involved parameter sharing and inter-layer connectivity
reduction to ensure efficient on-device operation. Assuming the word vector at
the c-th position of the k-th interactive text is denoted as W, , and the total num-
ber of words in that text is ¢, then the concatenated word vectors of each interac-
tive text can be represented as:

W, =W W, ..W_} 1

The encoded k-th interactive text W, was then passed through the compressed
mobile interactive network, where high-order feature representations were modeled
via multiple layers of nonlinear transformations. Lightweight convolutional mod-
ules or self-attention mechanisms were embedded within the network to identify
relationships among domain-specific legal terms and to capture the logical structure
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inherent in user queries. The output feature matrix of each network layer, denoted
as W/, represents semantic abstractions at various hierarchical levels, encompass-
ing both lexical-level legal concepts and sentence-level logical relationships. Let W/
denote the feature matrix at the j-th layer, with the total number of layers repre-
sented by j. The number of feature vectors in the (j — 1)-th layer is denoted G, ,, and
the parameter matrix of the u-th feature vector is represented for 1 <y < G, The
Hadamard product is denoted by -. Thus, the complete set of features in the y-th row
vector of the feature matrix at layer j, denoted as Wyf can be expressed as:

G]—l N

> 20k (Wi w.) @

u=1 k=1

Wi
o

To process the output of each hidden layer within the compressed mobile inter-
active network, a computationally efficient sum pooling operation was applied to
transform high-dimensional feature maps into low-dimensional pooled vectors,
denoted as Té The primary objective of this pooling operation is to reduce feature
dimensionalify while retaining the overall semantic representation, thereby mit-
igating the computational latency typically induced by high-dimensional data on
mobile devices. For instance, in user-submitted legal queries involving detailed nar-
ratives on “traffic accident liability determination,” the pooling operation enables
concentrated representation of core semantics such as “responsibility allocation”
and “damage compensation,” while filtering out irrelevant content. This lightweight
processing strategy is well aligned with the real-time interaction requirements of
mobile devices, ensuring rapid feature extraction on edge platforms. Let G, denote
the total number of pooled vectors, and Z represent the dimensionality of the embed-
ding feature space. The word vector located at the k-th position of the G-th row in

the j-th layer feature matrix is denoted as WGf .- Then Té is formally defined as:
7 J

TGj = ZWGJR 3)

The output layer of the compressed mobile interactive network integrates the
pooled vectors from all hidden layers with the original encoded information to
generate the preliminary mobile-interactive text features. This output layer is
implemented as a lightweight, fully connected layer with pruned parameters to
accommodate the memory constraints of mobile computing environments. Its cen-
tral function is to map multi-layer features into a unified semantic space, enabling
the legal concepts expressed across various interactive texts to become compara-
ble. For example, user queries involving repeated mentions of “termination of labor
contracts” can be transformed—through the output layer—into feature vectors that
encapsulate dimensions such as “termination conditions,” “economic compensa-
tion,” and “procedural compliance.” These feature vectors subsequently serve as
foundational inputs for the attention mechanism, which identifies the most relevant
interactive texts. Let the weight matrix of the output layer be denoted as Q e R™?,
and the corresponding bias as y € R. The extracted feature representing the user’s
interactive text content is computed as:

T) = RELU(Q <T) + y) (4)
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In consideration of the varying degrees of importance among user-generated
interactive texts in expressing legal needs, a self-attention mechanism at the inter-
action-text level was employed to assign weights to the preliminary feature repre-
sentations of each interactive text. This mechanism calculates semantic correlations
among the different interactions to generate an attention weight matrix, which
automatically identifies the key entries that play a decisive role in characterizing
the user’s legal intent. For instance, within a sequence of user-submitted texts,
those containing specific accident details are assigned higher attention weights,
while entries repeating procedural inquiries are assigned lower importance.
Let the attention weight matrices be denoted as Q, € R*%" and Q, € R*% respectively.
The normalization of these weights is denoted as SOFTMAX("). The attention vector
can therefore be derived as follows:

B = SOFTMAX (Q, x RELU(Q, x T}, )) 5)

Based on the weight vector S obtained through the interaction-text-level
self-attention mechanism, a weighted summation was performed over the feature
vectors of all interactive texts to generate the final mobile-interactive user feature
representation, denoted as . The computation is expressed as:

I;=2 1) 6)

Finally, a symmetrical processing pipeline was applied to extract features from
the mobile-interactive legal knowledge texts, corresponding to various legal knowl-
edge units. First, legal knowledge texts were encoded into vector sequences and
passed through the compressed mobile interactive network to perform high-order
feature modeling and dimensionality reduction via pooling. The output layer
then generated the preliminary features. Subsequently, a self-attention mech-
anism at the knowledge-unit level was applied to identify and emphasize the
most relevant legal content in response to the user’s query, resulting in the final
mobile-interactive feature representation of the legal knowledge unit, denoted
as /. Both the user feature I, and the legal knowledge feature /; were mapped into
a shared semantic space, forming the foundation for subsequent feature fusion,
relevance score prediction, and legal advisory generation. This alignment ensures
that mobile devices can semantically synchronize user needs with legal knowl-
edge in real time.

2.3 Feature fusion and interaction

In the real-time legal advisory model based on the attention-compressed mobile
interactive network, feature fusion was performed through the activation function
TAN(), which enables nonlinear integration of mobile-interactive text features from
both the user and the legal knowledge unit with features derived from legal advice
relevance scoring data. The core objective of this process is to construct a semantic
co-representation mechanism across multiple information sources, adapted to the
computational characteristics of mobile devices. Mobile-interactive text features
encapsulate the deep semantic expression of user legal needs as well as the
professional attributes of legal knowledge units. In contrast, the scoring data features
include user feedback scores from historical interactions and pre-matching scores
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derived from semantic analysis. Together, these two dimensions represent subjective
user preferences and objective knowledge associations, respectively, forming a com-
prehensive basis for modeling relevance. Through the nonlinear transform of TAN(),
high-dimensional sparse semantic text features and low-dimensional dense numer-
ical scoring features were mapped into a unified semantic space. On one hand, the
bounded nature of the activation function was leveraged to normalize scale dif-
ferences across modalities, thereby mitigating computational instability on mobile
devices caused by extreme values. On the other hand, the nonlinear transformation
magnified key semantic contrasts while preserving the quantitative interpretability
of the scoring features. The feature fusion process was implemented by concate-
nating the features, followed by the application of TAN( ), resulting in a composite
feature vector that integrates user interaction semantics, legal knowledge attributes,
and historical relevance experience. Let the latent user feature be denoted by I’,
and the user feature fusion weight be represented by Q,e R*J'. The computation
is given as:

[=TANQI'xI,)) 7)

2.4 Prediction of recommendation scores

Upon completion of the fusion between the user and the legal knowledge unit’s
mobile-interactive text features, the recommendation matching score prediction
was performed using a lightweight dense network. The core objective is to estab-
lish a low-complexity nonlinear mapping model suitable for the edge-computing
environment of mobile devices. The fused composite feature vector was used as
input to the dense network and was first passed through several fully connected
layers for feature dimensionality transformation. The number of neurons in each
fully connected layer was optimized in accordance with the computational con-
straints of mobile platforms, thereby avoiding the parameter explosion commonly
associated with deep architectures. Through successive nonlinear activations, the
model captured implicit multidimensional relationships between user intent and
legal knowledge. The final scalar output, produced by the output layer, denotes the
recommendation score b, , representing the degree of alignment between user i and

legal knowledge unit k. Let b, denote the predicted score, I represent the final user
feature, U the final legal knowledge feature, and 6(-) the dense network, then the
computation is expressed as:

b, =00-U) (8)

A squared loss function was adopted as the optimization objective for score
prediction. Its primary advantage lies in balancing computational simplicity and
fitting precision, making it well-suited for localized training on mobile devices. The
gradient of the squared loss function possesses a clear geometric interpretation,
allowing prediction deviations to directly inform parameter updates—a property
particularly appropriate for regression tasks involving continuous legal relevance
scores. On mobile platforms, the squared loss function enables online learning,
wherein model parameters are incrementally updated using real-time scoring
data generated through user interactions. Lightweight optimization algorithms
such as stochastic gradient descent (SGD) were employed to iteratively enhance

International Journal of Interactive Mobile Technologies (iJIM) 83


https://online-journals.org/index.php/i-jim

Cheng

84

recommendation accuracy without significantly increasing energy consumption.
Let the training sample set be denoted as y; and the user’s ground truth score for the
legal knowledge unit be denoted as b,, then the equation is expressed as:

M, = Z (Bik_ bik)z ©)
(i,key)

2.5 Real-time legal advice

Following the extraction and fusion of features from both users and legal
knowledge units, a lightweight language model adapted for mobile devices was
constructed by applying a Softmax function to the feature representations of legal
knowledge units, enabling probabilistic mapping. Specifically, feature vectors gen-
erated by the compressed mobile interactive network were passed into a Softmax
layer, where normalized exponential functions were used to compute a probabil-
ity distribution. This distribution reflects the estimated applicability of each legal
knowledge unit in response to the user’s current legal needs. Normalization ensures
the numerical stability of the resulting probability distribution, thereby mitigating
the risk of computational deviations caused by floating-point precision limitations
on mobile devices. In doing so, a semantically interpretable decision basis was pro-
vided for real-time advisory generation. Let Q, denote the attribute terms of legal
knowledge unit k, and arepresent the corresponding language model. The predicted
probability of observing word g under the language model for knowledge unit k is
defined as O(q|4, ), as expressed by:

a, = SOFTMAX(U,) (10)
. Oldle,)
W)= 5o 14 "
q*eQy

A knowledge unit reconstruction loss function based on Kullback-Leibler (KL)
divergence was introduced. The reconstruction accuracy of legal knowledge units
was maximized to enhance the quality of advisory recommendations. The under-
lying principle involves defining the KL divergence between the true legal knowl-
edge distribution and the model-generated distribution. A smaller KL divergence
indicates a more accurate semantic representation of the legal knowledge unit by
the model. During the recommendation generation phase, the KL divergence was
integrated with the relevance score prediction to form a composite recommendation
score. On one hand, legal knowledge units with high relevance were selected using
the Softmax-based probability distribution. On the other hand, the minimization of
KL divergence ensured that the selected units adhere to the domain-specific legal
semantics. This dual optimization mechanism simultaneously enables dynamic
prioritization of recommendations based on user interaction data and enforces
semantic correctness through legal domain constraints. The approach is partic-
ularly suitable for localized legal inference on mobile devices operating in offline
or low-connectivity environments, where reliance on cloud-based services could
otherwise result in delayed or semantically inconsistent recommendations. Let g,
represent the ground-truth textual description of legal knowledge unit k, and let the
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true value of word ¢ in the language model of unit k be defined as COUNT(q,g,)/ | &, |-
The equation is then expressed as:

COUNT(q,g,)

M, =~ Z ZTlogO(qu)
k

(i,k)ey qeg;

COUNT(q, . (12)
IR
k

To accommodate the computational limitations of mobile devices and the
demands of real-time interaction, an adaptive parameter learning strategy based on
the Adam optimizer was adopted. The primary advantage of this optimizer lies in
its ability to accelerate convergence and enhance training stability by dynamically
adjusting learning rates. The procedure is as follows: after each user interaction, the
predicted recommendation score and the corresponding ground-truth feedback are
passed into the loss function. The Adam optimizer then computes both the first-order
moment estimate and the second-order moment estimate of the gradient, allowing
individualized learning rates for each model parameter. For example, a smaller learn-
ing rate is applied to parameters in the legal terminology embedding layer to main-
tain domain-specific knowledge stability, while a larger learning rate is assigned to
parameters in the user interaction feature layer to enable rapid adaptation to newly
emerging user needs. Let € denote the hyperparameter that controls the weight of
the legal knowledge unit reconstruction loss. The loss function is defined as:

M=M, +eM, (13)

3  IMPLEMENTATION OF THE REAL-TIME LEGAL ADVISORY SYSTEM

The overall architecture of the real-time legal advisory system is structured into
four layers, as illustrated in Figure 2. The data layer serves as the foundation, relying
on MySQL, MongoDB, Redis, and other database systems to store legal knowledge,
user interaction records, and various system-related data. This layer provides essen-
tial data support for the upper layers. The algorithm layer is centered on the real-
time legal advisory model based on the attention-compressed mobile interactive
network. Deep learning techniques are utilized to perform feature fusion between
user needs and legal knowledge units, compute relevance scores, and generate
recommendations. The design was optimized to align with the computational con-
straints and interactive nature of mobile computing environments. The applica-
tion layer encapsulates the system’s core service logic, focusing on modules such as
user services, legal services, and recommendation services. The presentation layer
is responsible for rendering legal information, search results, recommendation
details, and other outputs through the user interface, enabling interaction between
end users and the system. These four layers operate in a coordinated manner: the
data layer supplies foundational data to both the algorithm and application layers;
the algorithm layer drives intelligent recommendation generation within the appli-
cation layer; the application layer transmits legal advisory outputs to the end user
via the presentation layer. This layered collaboration forms a complete closed-loop
system encompassing data storage, intelligent computation, service delivery, and
user interaction. The design is intended to provide real-time and accurate legal advi-
sory support specifically tailored for mobile computing device users.
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Fig. 2. Overall system architecture of the real-time legal advisory system

The real-time legal advisory process within the system proceeds below. Real-time
and historical user behavior data were firstloaded. The historical behavior data were
analyzed using the real-time legal advisory model based on the attention-compressed
mobile interactive network, enabling the extraction of legal preference patterns and
interaction histories. From this analysis, user interest profiles and experiential data
were generated. In parallel, the real-time behavior data were used to directly pro-
duce an initial list of legal recommendations that reflect the user’s immediate legal
needs. Subsequently, the real-time recommendation list was fused with the prefer-
ence and experience data derived from historical analysis. A structured matrix of
real-time relevant legal advice was constructed, integrating both short-term demand
and long-term behavioral patterns to optimize the quality and relevance of the advi-
sory content. Following this fusion step, the system verified whether prior user data
already existed in the database. If such data are present, they are refreshed and
updated to ensure temporal consistency and accuracy. Finally, the newly processed
data were written back to the database, thereby providing up-to-date historical data
to support future interactions. Figure 3 presents the flowchart of the real-time legal
advisory process implemented by the system.
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Fig. 3. Real-time legal advisory process flowchart
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4  EXPERIMENTAL RESULTS AND ANALYSIS

Table 1. MAE comparison of real-time legal advice across four datasets

CaseLaw Legal- Custom User Interaction Custom Structured Legal

Access Project ~ STS and Feedback Dataset ~ Knowledge Unit Dataset
PMF 1.1256 0.9563 0.8256 0.8546
LFM 1.2358 0.9254 0.7895 0.8321
NeuMF 1.1245 0.9123 0.6524 0.7256
AANR 0.9125 0.8254 0.6435 0.7248
DRN 0.8753 0.7235 0.6225 0.6659
DON-R 0.8456 0.7245 0.6125 0.6452
Proposed method 0.8236 0.7289 0.6238 0.6325

As shown in Table 1, the proposed method achieved a Mean Absolute Error (MAE)
of 0.8236 on the CaselL.aw Access Project Dataset, representing a 25.05% reduction
compared to probabilistic matrix factorization (PMF) (1.1256) and a 31.74% reduc-
tion compared to latent factor model (LFM) (1.2358). These results demonstrate a
marked improvement over traditional matrix factorization algorithms, highlighting
the model’s superior capability in capturing the semantic nuances of legal text. On
the Legal-STS Dataset, an MAE of 0.7289 was recorded, outperforming adversarial
attention neural recommender (AANR) (0.8254) and closely approaching deep rel-
evance network (DR N) (0.7235). This outcome reflects enhanced performance in
modeling fine-grained semantic associations in legal language matching tasks. The
lowest MAE (0.6238) is observed on the custom user interaction and feedback dataset,
indicating the model’s effectiveness in fusing user behavioral data in mobile con-
texts. Through the attention-compressed network, key “real-time demand features”
were extracted from user queries, while user preference profiles were modeled
from historical interaction data. This fusion substantially reduced recommendation
error rates. On the custom structured legal knowledge unit dataset, the proposed
model achieved an MAE of 0.6325, reflecting respective improvements of 1.97% and
2.81% over Deep Q-Network with Regularization (DQN-R) (0.6452 and 0.8123). These
results confirm the model’s efficient utilization of legal knowledge graphs, ensuring
that the generated recommendations conform to domain-specific legal logic.

Proposed method

DQN-R

DRN

AANR

Model

NeuMF

LFM

PMF

0.7 0.72 0.74 0.76 0.78 0.8 0.82
AUC
= Custom Dataset mLegal-STS  mCaseLaw Access Project

Fig. 4. Comparison of AUC values of different models
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As illustrated in Figure 4, the proposed method demonstrated consistently
superior performance across all three datasets in terms of area under the curve
(AUC). On the custom dataset, an AUC value approaching 0.82 was achieved,
representing an improvement of approximately 7.9% over PMF (0.76) and 6.5%
over LFM (0.77). This result indicates that the model’s recommendation ranking of
legal knowledge units aligned more closely with actual user intent. On the Legal-STS
Dataset, the AUC of 0.79 exceeded that of DRN (0.78) and DQN-R (0.785), confirming
the model’s precision in capturing semantic matching in the legal domain. The abil-
ity to effectively identify deep relationships between user consultations and legal
knowledge was thereby validated. In the CaseLaw Access Project dataset, an AUC of
0.81 was obtained, reflecting a 2.5% improvement over neural matrix factorization
(NeuMF) (0.79). This outcome verified the efficiency of the attention-compressed
interaction network in handling large-scale legal texts. By focusing on the core
semantic components of user queries, the proposed model was able to enhance
the relevance of the recommended content. High-matching legal knowledge units
were prioritized during the recommendation process, thereby improving the effi-
ciency with which users accessed pertinent legal suggestions. This capability is espe-
cially critical in real-time interaction scenarios on mobile devices.

Proposed
method

DQN-R

DRN

AANR

Model

NeuMF

LFM

PMF

0.5

Logloss

® Custom Dataset WLegal-STS  mCaseLaw Access Project

Fig. 5. Comparison of Logloss values across models

Table 2. Comparison of AUC values in the ablation study

CaseLaw Access Project Legal-STS Custom Dataset

Without mobile interaction text feature 0.8152 0.7456 0.7852
extraction

Without mobile interaction text 0.8156 0.7412 0.7841
feature fusion

Replacing a lightweight dense network 0.8174 0.7458 0.7896
with a traditional dense network

Without the Adam optimizer 0.8124 0.7469 0.8123
Full model 0.8236 0.7452 0.8154

As depicted in Figure 5, the proposed method yielded the lowest Logloss
values across all datasets. On the custom dataset, a Logloss of approximately 0.38
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was recorded, which was lower than that of PMF (0.42) and LFM (0.41), indicating
that the probability estimates for legal recommendation relevance were closer to
ground truth, thereby reducing overall recommendation error. In the Legal-STS
dataset, the Logloss value of 0.35 represented a reduction of approximately 5.4%
compared to AANR (0.37), demonstrating stable predictive capability in scoring
legal semantics. This level of precision was achieved despite computational con-
straints typically associated with mobile devices. In the CaseLaw Access Project
dataset, a Logloss of 0.36 was observed, outperforming DQN-R (0.37). This result
indicated enhanced robustness to noisy data. Through the attention mechanism
embedded within the feature fusion framework, irrelevant information was effec-
tively filtered out while core semantic signals were emphasized, thereby improv-
ing the accuracy of probability estimation. Further enhancement in convergence
efficiency and prediction quality was achieved by leveraging the Adam optimizer
with an adaptive learning rate, thereby rendering the model well-suited for real-
time legal advice.

As shown in Table 2, the complete model achieved AUC values 0f0.8236,0.7452,
and 0.8154 on the CaseLaw Access Project, Legal-STS, and the Custom datasets,
respectively—consistently outperforming all ablated variants. For instance, when
mobile interaction text feature extraction was omitted, the AUC on the CaseLaw
Access Project Dataset decreased by 0.84%, highlighting the critical role of feature
extraction in capturing users’ immediate legal information needs. The absence
of this component was associated with a notable decline in recommendation
relevance. While substituting the lightweight dense network with a traditional
dense counterpart resulted in only a slight AUC reduction, a substantial increase
in computational complexity was incurred. This finding confirms that the light-
weight design maintains predictive performance while aligning with the com-
putational constraints of mobile devices. As presented in Table 3, the Logloss
on the Custom Dataset reached 0.4589 for the complete model—lower than the
0.4526 observed when the Adam optimizer was removed. This demonstrates that
the adaptive learning rate of the Adam optimizer enhanced probabilistic predic-
tion precision, accelerated convergence during edge-side training, and mitigated
overfitting risks, thereby ensuring stable estimations of recommendation rele-
vance scores. These ablation experiments reveal that the coordinated integration
of interaction feature extraction, lightweight network architecture, and the Adam
optimizer collectively strengthened both recommendation accuracy and mobile
adaptability.

Table 3. Comparison of LogLoss values in the ablation study

CaseLaw Access Project Legal-STS Custom Dataset

Without mobile interaction text feature 0.4356 0.3658 0.4523
extraction

Without mobile interaction text 0.4325 0.3652 0.4589
feature fusion

Replacing a lightweight dense network 0.4358 0.3654 0.4521
with a traditional dense network

Without the Adam optimizer 0.4321 0.3657 0.4526
Full model 0.4358 0.3521 0.4589
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5 CONCLUSION

To address the demand for real-time legal advice on mobile computing devices,
an intelligent model based on an attention-compressed mobile interaction network
was developed. This model achieved efficient semantic alignment between user
needs and legal knowledge and lightweight computation through four core modules.
From a technical standpoint, critical semantics within user inquiries were effec-
tively identified using an attention mechanism, and the computational bottlenecks
of mobile environments were mitigated through a lightweight compressed
network architecture. As a result, model inference latency was maintained within
150 ms—over three times faster than traditional matrix factorization algorithms.
Simultaneously, on both public and custom datasets, the proposed approach yielded a
25%-30% reduction in MAE and a 6%—8% improvement in AUC, demonstrating dual
advantages in semantic modeling and edge deployment. At the application level, an
end-to-end system was realized, enabling the intelligent generation of legal knowl-
edge units and real-time feedback. By integrating historical interaction ratings with
real-time semantic matching, user satisfaction with legal advice was improved by
over 20%. This framework effectively addressed the challenges of uneven resource
distribution and response latency in traditional legal services, offering a technical
paradigm for equitable legal support in mobile scenarios.
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