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Abstract

With the wide application of recommendation systems in e-
commerce and media scenarios, user preferences have shown
obvious dynamics and contextual dependence. However, tra-
ditional collaborative filtering, matrix factorization and deep
models mostly only fit static vectors and are difficult to ex-
plain the mechanisms behind the changes in preferences. To
this end, this paper proposes a three-layer interpretable rec-
ommendation model DPDRS based on dynamic preference
logic, achieving a transparent reasoning process from behav-
ioral feedback to preference evolution and then to recommen-
dation generation. The model constructs preference states that
can be updated over time at the presentation layer based
on long-term preferences, short-term preferences, and pref-
erence temperatures. Introduce the preference upgrade oper-
ator in the reasoning layer to strengthen or suppress the cor-
responding attributes through positive and negative feedback.
In the generation layer, design a three-channel fusion struc-
ture of behavioral decision-making, attribute logic, and col-
laboration, and align behavioral semantics and attribute se-
mantics with consistency loss. To adapt to different scenar-
ios, in this paper, corresponding attribute matrices were con-
structed on datasets such as MovieLens-1M, and systematic
comparisons were made with methods such as MAUT and
CosRec. DPDRS achieved significant improvements in indi-
cators such as Precision@ 10, Recall@10 and NDCG@10. In
addition, diversity assessment, interpretability analysis, and
multiple ablation experiments further verified the effective-
ness of the preference escalation operator, attribute channel,
consistency loss, and time decay mechanism. Overall, DP-
DRS has achieved interpretable dynamic recommendation
based on logical reasoning, providing theoretical and prac-
tical support for the construction of a new generation of rec-
ommendation systems with the ability to model preference
evolution.

Introduction

Recommendation systems, as an important technology for
information filtering, are widely applied in e-commerce, so-
cial media and content platforms(Zhang et al. 2019). With
the increase in the scale and complexity of interaction data,
user behavior shows dynamics and strong context depen-
dence(Quadrana, Cremonesi, and Jannach 2018). Although
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deep models and large language models have made progress
in feature representation, their “black box” nature leads to a
lack of explainable logical reasoning ability(Wu et al. 2024).
In practical scenarios, user preferences continuously evolve
over time and with changes in information. Therefore, how
to formally model this dynamic preference logic and apply
it to reliable and interpretable recommendations has become
a key challenge in current research(Curmei et al. 2022).

The existing recommendation systems still have obvious
deficiencies in preference modeling. Although traditional
collaborative filtering and deep models can fit static pref-
erences, their reasoning processes are not traceable and it
is difficult to explain the reasons for recommendations. Al-
though methods based on knowledge graphs or logical rules
have certain interpretability, they rely on predefined static
preference structures and are difficult to cope with the con-
tinuous evolution of user preferences(Guo et al. 2020). Since
preference changes are often driven by internal logic, there is
an urgent need for a theoretical framework that can formally
describe the formation, update and reversal of preferences.
Dynamic preference logic precisely provides such a foun-
dation. Based on modal logic and possible world seman-
tics, it regards preferences as relational structures that can
change with cognitive events, and can strictly describe how
information leads to preference updates, thereby introduc-
ing human-like logical reasoning capabilities to recommen-
dation systems and achieving a paradigm shift from data-
driven to logic-driven(Van Benthem and Liu 2007).

Building on the foregoing analysis, we propose a quanti-
tative modelling approach for recommendation systems that
is driven by dynamic preference logic. We first construct a
formal model grounded in dynamic preference logic, treat-
ing a user’s historical interactions as cognitive events and
employing a preference-revision operator to adjust the pref-
erence structure on the fly, thereby capturing the evolution
of user preferences(Liu 2011). We then introduce a hybrid
framework that integrates logical inference with numerical
estimation: at the logical level, priority sequences and revi-
sion operators deliver explainable reasoning; at the quantita-
tive level, preference intensity, temporal weighting and feed-
back confidence are mapped into computable recommen-
dation scores, balancing effectiveness with interpretability.
This design enables the model to generate a transparent and
traceable chain of reasons for every recommendation, ensur-



ing a one-to-one correspondence between each recommen-
dation result and the underlying preference rules together
with their dynamic triggering conditions.

The main contributions of this paper are as follows:

* A recommendation system modeling framework based
on dynamic preference logic was proposed.

* A hybrid scoring mechanism integrating logical reason-
ing and numerical estimation was constructed.

 Traceable and structured generation of recommendation
explanations has been achieved.

Related Work

This research is based on the intersection of three fields:
recommendation systems, preference logic, and artificial in-
telligence logic. This section will systematically review the
current research status and progress in related fields, aiming
to clarify the theoretical basis of the work in this paper and
clearly position its contributions and innovations.

Current research status of recommendation systems: The
development of recommendation systems reflects the evolu-
tion of technology from statistical association to semantic
understanding and intent modeling. Early collaborative fil-
tering and matrix factorization achieved matching by mining
the latent vectors of users and items, but they heavily relied
on co-occurrence data of ratings, which limited their perfor-
mance in cold start and sparse scenarios, and lacked inter-
pretability(Peake and Wang 2018). Content-based methods
construct user profiles by analyzing the features of items,
which are somewhat explanatory but tend to be limited to
the existing range of interests(Deldjoo et al. 2020; Lops
et al. 2019). The hybrid method attempts to integrate the
two to enhance performance, but its essence still remains at
the static pattern mining of historical behavior and is unable
to depict the deep logical mechanism of the formation and
change of user preferences.

In recent years, large language models (LLMs) have
demonstrated great potential in recommendation systems(Li
et al. 2024). With their powerful semantic understanding and
generation capabilities, they can mine the semantics of items
and generate natural and personalized recommendation rea-
sons(Xu et al. 2024; Zhao et al. 2023). However, most ex-
isting methods use LLMS as feature extractors or genera-
tive recommenders. Their decision-making processes rely
on the tacit knowledge within the model, and the reason-
ing paths are opaque and prone to “hallucinations”(Li et al.
2024; Van Benthem 2011). More importantly, LLMs do not
inherently possess strict formal reasoning capabilities and
thus find it difficult to handle problems that require logical
constraints, such as dynamic changes in preferences.

To sum up, there are significant gaps in the current re-
search on recommendation systems in terms of interpretabil-
ity and dynamic logical reasoning. This paper aims to ex-
plore a new paradigm that introduces explicit logical rea-
soning mechanisms into recommendation systems to make
up for the deficiencies of data-driven methods.

The theoretical foundation of preference logic: Prefer-
ence logic provides an important tool for the formal descrip-
tion and reasoning of preference attitudes(Andersen and

Rendsvig 2025). Dynamic preference logic, as the theoret-
ical basis of this study, breaks through the static framework,
regards preferences as the constantly evolving relationship
due to cognitive events, and describes the update of infor-
mation on the partial order structure through the preference
upgrade operator. At the static level, preference logic mainly
includes two types: modal preference logic based on the se-
mantics of possible worlds, which describes the preference
relationships between worlds from an overall perspective;
And the first-order preference logic for attribute compari-
son, which characterizes the preference differences at the
object level in a more refined way. The mechanism of pref-
erence upgrade and dynamic change constitutes the core of
modeling user interest drift in this paper. Although existing
research has systematically discussed the axiomatic forms
of various upgrade operators, there is still a lack of explo-
ration on how they can be combined with real user behavior
data and serve large-scale recommendations(Van Benthem
and Liu 2007). The work of this article is precisely an im-
portant attempt to promote the practical application of this
logical theory on this basis.

Artificial intelligence logic methods: To build artifi-
cial intelligence systems with deep reasoning capabilities,
logic provides a variety of formal tools, including de-
fault logic, non-monotonic reasoning and modal logic. De-
fault logic achieves reasoning similar to common sense
through retractable default rules, and its non-monotonicity
is closely related to the contextualized changes in user pref-
erences(Zhang et al. 2021). Modal logic and its extensions
are used to model the knowledge, beliefs and other men-
tal states of agents, which are precisely the internal driving
forces for the evolution of preferences. Dynamic Epistemic
Logic, especially Dynamic Epistemic Logic (DEL), further
characterizes how information events update the cognitive
structure of agents, providing a formal framework for ana-
lyzing "how recommendations or comments change users’
cognition”. This paper draws on DEL’s perspective of in-
formation update and applies it to the dynamic modeling of
preference relations, thereby constructing a user model that
can continuously evolve along with the information flow.

Overall, although existing logical methods provide a solid
foundation for explainable reasoning, there is still a gap
compared with data-intensive applications(Xia et al. 2025).
This paper aims to bridge this gap, taking dynamic prefer-
ence logic as the core, and proposes a recommendation sys-
tem framework that combines logical deduction ability with
adaptability to real data.

Theoretical Basis

In intelligent information systems, user preferences are of-
ten simplified into static vectors. However, preferences in
reality are highly dynamic, context-sensitive, and attribute-
driven, constantly changing with time, tasks, and external in-
formation(Hwang and Lee 2025; Lin and Chen 2019). If the
system fails to capture these evolutions, it will be difficult
to generate recommendations that meet the current needs of
users. Dynamic Preference Logic (DPL) provides a struc-
tured theoretical framework for this purpose, regarding pref-
erences as logical states that can be updated with new infor-



mation rather than a fixed distribution. This chapter will con-
struct the structural model, proposition priority sequence, at-
tribute preference representation and dynamic update mech-
anism of this paper based on DPL, and provide correspond-
ing numerical explanations to lay a theoretical foundation
for the subsequent model design.

Dynamic Preference Logic Framework

Dynamic preference logic aims to describe the preference
relationships of users between different worlds through for-
mal language and further depict how preferences change
when receiving new information(Van Benthem and Liu
2007). Compared with traditional preference modeling, it
has the following characteristics: Preference is not a sim-
ple vector, but a structural model composed of propositions,
worlds, assignments and priority relationships. changes in
preferences are triggered by logical operators, such as sug-
gestion operators and cutting operators. New evidence will
change the structure of preferences rather than just the scor-
ing function. Based on this idea, we adopt the quadruple
structure model to formally model preferences. In the possi-
ble world semantic framework, a preference model is typi-
cally represented as M = (W, =, V, P).
Specifically:

1. W: the set of possible worlds (candidate objects).
Any item, service, or content in the system can be re-
garded as a “world”.

2. =:the preference relation over worlds.
If w < w’, it means the user does not prefer w more than
!
w’.
In numerical models, this relation is usually induced by

predicted scores or ranking functions.

3. V: the valuation function.
V(p) € W denotes the set of worlds that satisfy attribute
proposition p.
Attribute propositions may correspond to categories,
styles, functions, or tags.

4. P: the priority sequence of propositions.
This sequence reflects the user’s importance ordering
over attributes, such as “functionality > appearance >
brand”.

Based on this structure, when the system receives new
user behaviors or feedback, the preference relation < and
the priority sequence P may change, thereby leading to a
dynamic adjustment of the recommendation results.

Numerical Interpretation of the Two-layer
Semantic and Structural Model

The structural model contains two layers of semantics:
* Proposition layer (Attribute layer) : Describes the at-
tribute propositions of the object and their priorities.
* World Layer (Object Layer) : Derive preferences for ac-
tual objects based on attribute preferences.

Traditional logical derivation starts from the propositional
level preference and generates the world-level preference

through Lifting rules(Van Benthem and Liu 2007). The nu-
merical implementation in this paper modernizes this mech-
anism, enabling it to accept gradient optimization and be
directly embedded in deep networks. The main contents
include: The valuation function V' is represented using a
sparse attribute—world matrix; The priority sequence P is
represented by learnable vectors Wign, and Wiper; Ordered
Weighted Aggregation (OWA) is used in place of strict log-
ical rules to provide a differentiable mechanism for lifting
attribute priorities to world-level preferences; An attention-
based reweighting mechanism is employed to ensure that the
relative importance between different attributes can be dy-
namically adjusted; An augmented update operator is used
to model the gradual upgrade of user preferences. This nu-
meric formulation not only preserves the structural seman-
tics of dynamic preference logic, but also enables seam-
less integration with deep learning techniques for end-to-end
training and optimization.

Temporality and Incomplete Information

In real-world scenarios, user information is often incomplete
and behavioral data exhibits clear temporal characteristics.
Therefore, the preference logic introduces:

» Time decay function: Recent behaviors exert stronger in-
fluence on preferences, whereas distant behaviors have
weaker impact.

» Confidence interval handling: Extreme behaviors trigger
stronger attribute preference updates.

* Priority temperature: Used to adjust the “sharpness” of
attribute ranking, determining how strongly the model
focuses on central preference patterns.

This formulation makes preference not merely a structural
variable, but a system state that evolves over time.Similarly,
time-aware recommendation systems depict the attenuation
and migration of user interests by explicitly modeling times-
tamps, time intervals, or continuous-time processes. Rele-
vant studies have shown that reasonable modeling of time
factors is a key factor in improving recommendation effec-
tiveness and explanatory ability(Harshvardhan et al. 2022;
Yeganegi, Haratizadeh, and Ebrahimi 2024).

This chapter, centering on the core idea of dynamic pref-
erence logic, systematically expounds the composition of
preference structure, the expression of attribute propositions,
the semantics of priority sequences, and the mechanism of
preference evolution over time(Wei, Qin, and Ren 2022;
Ding, Liu, and Hu 2022). Through formal description, we
have clarified the framework in which preferences are jointly
determined by “world - relationship - assignment - priority”,
and explained the derivation method of preferences between
the proposition layer and the world layer. Meanwhile, the
influence of factors such as time decay and incomplete in-
formation on preference updates was discussed, as well as
how to transform logical rules into differentiable numerical
expressions. The above theory provides a rigorous semantic
foundation for the subsequent model construction.
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Figure 1: Overall architecture diagram of the DPDRS recommendation model

Dynamic Preference-driven Recommendation
System Model

Based on the aforementioned theoretical framework, this
chapter proposes the DPDRS model. This model transforms
the structural semantics of preference logic into a deep rep-
resentation, enabling it to achieve: explainability when deal-
ing with dynamic, multi-attribute, and multi-feedback rec-
ommendation tasks; Evolvable; Fusible; Can be optimized.

Overall Structure of the Model

DPDRS integrates the structured semantics of dynamic pref-
erence logic into the deep learning framework, forming a
unified model composed of three layers: “representation -
reasoning - generation”. The overall system not only retains
the interpretability of preference logic but also possesses the
capabilities of automatic learning and dynamic evolution. Its
overall structure is shown in Figure 1.

The task of the presentation layer is to construct the ba-
sic state required for the system to operate. This layer pro-
vides an interpretable, learnable and time-varying prefer-
ence basis for the subsequent reasoning process. The rea-
soning layer is responsible for simulating the process of de-
riving world preferences from propositional preferences in
preference logic and is the core of the model. This layer gen-
erates the user’s immediate preference score for a certain
object, achieving the unification of logical semantics and
depth representation. The reasoning layer, while aggregat-
ing behavioral evidence, takes into account the interaction
between time decay and logical rules, which echoes the re-
cent recommendation methods that combine time attention
mechanisms with logical reasoning in terms of design con-
cept(Luo et al. 2024). The generation layer ranks the global
candidate objects based on the preference scores obtained
from the reasoning layer, thereby obtaining the final recom-
mended list. These three layers of structure together consti-
tute the complete calculation process of DPDRS.

Presentation Layer

As the foundation of DPDRS, the core task of the presenta-
tion layer is to provide structured and learnable preference
states and formalize the logical preference structure into dif-
ferentiable expressions, laying the semantic foundation for
subsequent reasoning and recommendation.

Proposition Assignment: To characterize the semantic
features of each item, the system first defines a set of at-
tribute propositions for each object. These propositions may
correspond to category labels, style orientations, functional
properties, quality levels, or various scenario-related at-
tributes. Each item is represented by an attribute-proposition
vector:

S Mik)s (D

where m;;, € {0,1} indicates whether item i satisfies
the attribute proposition pg. In the dynamic preference logic
framework, the valuation function V(px) C W is trans-
formed into a numeric representation through this attribute
matrix M, completing the mapping from logical semantics
to numerical modeling. This matrix not only provides inter-
pretable semantic support for the reasoning process but also
enables attribute-level preferences to be directly optimized
through learning.

Proposition Priority Sequence: To characterize a user’s
preference structure at the attribute level, the system assigns
each user a time-varying preference state. This state consists
of three components:

M; = (mi1, mag, . .

* long-term preference vector W one
Used to describe the user’s stable attribute tendencies that
remain consistent over long time spans.

« short-term preference vector Whort
Used to capture the user’s immediate interests reflected
in recent behaviors, thereby modeling short-term fluctu-
ations in preference.



* preference temperature 7,
Used to control the “smoothness” of the distribution, reg-
ulating how sharp or diffuse the attribute preferences ap-
pear.

Considering temporal effects, the system applies a decay
function to adjust the influence of short-term behaviors ac-
cording to the elapsed time At:

g(At) = e AT )

where ), is the time decay coefficient. The decay function
allows the system to naturally distinguish the contributions
of recent behaviors from distant ones. Based on this formu-
lation, the user’s attribute preference distribution at time ¢ is
given by:

Wu(t) = softmauc(V[/'}JOng +g(At) - Wshort) E)

This distribution provides a clear semantic interpretation:
it reflects the user’s relative attention to different attribute
propositions at the current moment, serving as a key inter-
mediate variable in the DPDRS reasoning process.

Reasoning Layer

The inference layer is the core computing module of DP-
DRS. Its function is to make immediate preference infer-
ences for candidate objects based on the dynamic prefer-
ence states provided by the presentation layer. This layer
generates the user’s comprehensive preference score at the
current moment through a multi-channel fusion mechanism.
The inference layer contains three complementary prefer-
ence channels and upgrade operators, as shown in Figure
2.

Behavioral Preference Channel The behavioral prefer-
ence channel is used to capture the user’s behavioral habits
and implicit tendencies. By learning user and item behav-
ioral embeddings, the system can model the latent behav-
ioral patterns expressed through long-term interactions.

where 0,, and ; denote the behavioral feature vectors
of the user and the item, respectively. This channel reflects
“what the user has historically liked”, providing a direct rep-
resentation of the user’s behavioral patterns.

Attribute Logical Channel The logical preference chan-
nel represents the core theoretical innovation of DPDRS. It
models the dynamic “lifting” process in preference logic,
which maps attribute-level preferences to object-level evalu-
ations. Specifically, based on the user’s attribute preference
distribution W, (t), the system reorders and reweights the
attribute-proposition vector of each item, and computes the
logic-driven preference score using a differentiable aggrega-
tion function:

Py = OWA (W, (t), M;, 7,,). (5)

This process effectively realizes the semantic transition
from attribute priorities to object-level ranking results, en-
abling the recommendation outcome to retain clear logical
interpretability.

Collaborative Preference Channel The collaborative
preference channel supplements the information beyond the
user’s behavioral preference and attribute-based preference.
This channel captures the latent structural similarity between
users and items through collaborative embeddings:

CFui = <Cu7 Ci>- (6)
This component enhances the model’s ability to handle

sparse or weak-feature items, making the reasoning layer
more robust.

PrefState(u)
User interaction feedback(r)

(W_long, W _short,x)

Update short-term preferences

|

|
|
|
|
Wshort (1 - pYWhort 4 p . f(r, M, !
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| channel D channel L preference channel CF
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|
PR | | |
|
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short, ylong |
witr, w" v Top-K
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Figure 2: A is the preference update operator module, and B
is the three-channel fusion inference module.

Comprehensive Preference Score The outputs of the
three channels are further integrated to obtain the instanta-
neous preference score of user u for item ¢:

score,; = aDy;+ (1 —a) Py + BCFy; + by, +b; +bg, (7)

where « controls the influence proportion between the
behavioral channel and the logical channel, and 8 adjusts
the weight of the collaborative channel. This score serves
as the final ranking signal, determining the recommendation
results produced by the system at the current state.

Preference Upgrade Operator The reasoning layer not
only needs to generate the preference score at the current
moment, but also continuously update the preference status
based on user feedback. To this end, DPDRS introduces a
preference upgrade operator in it, converting explicit ratings
or implicit feedback into incremental updates of attribute
preferences(Van Benthem and Liu 2007), and by locally ad-
justing the proposition priority sequence, the system gradu-
ally corrects and strengthens user preferences after each in-
teraction(Liu 2011).

Feedback Quantization and Confidence Interval Partition-
ing: Let the feedback of user « to item ¢ be normalized to the
interval [0, 1], denoted as y,,. Based on the strength of the
feedback, the system divides it into three cases:

* High-confidence positive feedback: y > con fpos
The user is considered to clearly “like” the item, and the
corresponding attribute preferences should be strength-
ened.

* High-confidence negative feedback: y < con ficg
The user is considered to clearly “dislike” the item, and
the corresponding attribute preferences should be sup-
pressed.



* Medium-confidence feedback: con freg < ¥y < con fpos
This feedback is not sufficiently informative and is there-
fore ignored to avoid noisy updates of the preference
state.

Here, con fpos and con freg are hyperparameters used to
determine the activation thresholds for updating user prefer-
ences.

Preference Update Mechanism: When the preference up-
date operator acts on the user’s long-term preference vec-
tor W,°8 and short-term preference vector W:hort| the at-
tribute vector of item ¢ is denoted as

E; = M; € {0,1}%. ®)
The update rules for the preference state are given as fol-

lows.
Positive feedback (reinforcement), when y > con fpos:

Wihort —(1-p) Wshort +p-sE;, 9)
Wiens o pylons o - SE;. (10)
Negative feedback (suppression), when y < con freg:
W;hort —(1-p) Wihort —p- sk, (11)
Wiong . Wiong — Qupd - SE;. (12)

Here, p € (0,1) is the EMA coefficient used to update
the short-term preference, controlling how strongly new evi-
dence influences the short-term state. The parameter o pq >
0 denotes the step size for updating the long-term prefer-
ence, ensuring that a small amount of high-confidence feed-
back can leave a lasting effect on the long-term structure.
Finally, s is a scaling factor that determines the magnitude
of preference change induced by a single sample. It can be
seen that the short-term preference follows an exponential
moving average, which reflects the cumulative effect of re-
cent behaviors, whereas the long-term preference is updated
with a smaller step size, modeling the gradual formation or
correction of stable interests.

Coupling with Time Decay and the Representation Layer:
In DPDRS, the attribute preference distribution of users at
time t in the representation layer is shown in Formula (3).
where g(At) = e At jg the time decay function. The
preference update operator only modifies the internal states
Wleng and Wshort " while the actual distribution W, (t) is
recomputed at each interaction according to the current time
gap At.

This design yields two main advantages. First, it naturally
models memory decay: even if the short-term preference is
strongly updated at a certain moment, its influence on W, (¢)
will gradually diminish when no further related behaviors
occur, owing to the effect of g(At). Second, it avoids state
explosion, since temporal information is encoded directly
within the preference state rather than stored as additional
parameters for each interaction, ensuring that the model size
does not grow with the length of the interaction history.

Design of the Generation Layer

The generation layer is located at the very top of DPDRS.
This layer enables the system to complete the crucial trans-
formation from “preference inference” to ’decision output”.

Recommendation List Generation The aggregated pref-
erence score score,,; produced by the reasoning layer repre-
sents the instantaneous preference degree of user u for item ¢
at time ¢. Based on this score, the system first ranks all can-
didate items:

T, = argsort; ey (—scorey;), (13)

where 7, denotes the ranking sequence for user . The final
top-K recommendation list is then obtained by taking the
first K elements of this sequence:

Rec, = m,[1: K]. (14)

This procedure implements the notion of “world prefer-
ence” in preference logic: the priority relation over worlds is
realized through numerical ranking and is directly reflected
in the final recommendation results. To avoid repeatedly rec-
ommending items that the user has already consumed, items
that have appeared in the user’s interaction history can be
filtered from the front part of the ranking list, ensuring that
the recommendation results remain informative.

Construction of Training Objectives To make the rec-
ommendation results more in line with users’ true prefer-
ences, a ranking-driven loss function is introduced in the
training part of the generation layer(Tang et al. 2023). DP-
DRS employs objective functions suitable for implicit feed-
back and sorting optimization, including:

Bayesian Personalized Ranking (BPR) Loss Based on
Ranking: For each positive feedback sample ¢ of user u, the
system selects one or more negative samples j to construct
pairwise comparisons. The BPR loss is defined as

LBPR = — 1oga(scoreui — scoreuj). (15)

This loss encourages the model to satisfy score,; >
score,, thereby improving the accuracy of the ranking.
To further enhance training stability, DPDRS introduces a
multi-negative sampling mechanism, enabling the model to
process multiple negative samples within a single training
step, which strengthens its discrimination ability.

Consistency Loss: Since the reasoning layer combines
three channels—behavioral preference, logical preference,
and collaborative preference—the recommendation layer in-
troduces a structural consistency constraint during training.
The consistency loss is defined as

[’cons = ||Duz - Pui||27 (16)

which encourages the different preference channels to re-
main internally aligned, thereby enhancing both inter-
pretability and robustness of the dynamic preference state.
This idea is in spirit consistent with the practice of align-
ing representations from different perspectives through
consistency constraints in multi-view representation learn-
ing(Chen et al. 2022; Zhou et al. 2023).

Overall Training Objective: The final loss function is
composed of the above components:

L= EBPR + ’Y‘Ccons; (17)

where v is a weighting coefficient that controls the balance
between ranking accuracy and consistency across prefer-
ence channels. During the training stage, the recommenda-
tion layer backpropagates this loss, allowing the preference
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Figure 4: Ablation study of DPDRS on ML-1M and Amazon datasets.

vectors, logical weights, time decay factor, and collabora-
tive representations to be jointly optimized. This enables the
entire DPDRS framework to form a unified, learnable, and
interpretable dynamic preference modeling paradigm.

Experimental Design and Result Analysis
Experimental Design

To comprehensively verify the effectiveness of the DPDRS
model proposed in this paper, this section conducts a sys-
tematic discussion from aspects such as the experimental
environment, dataset processing, and attribute matrix con-
struction.

All experiments in this study were conducted under a
unified software and hardware environment. The server is
equipped with an Intel Xeon w5-3425 processor and 128 GB
of memory, and the experimental platform is based on
Python 3.12 and PyTorch.

To evaluate the generalization ability of DPDRS across
different recommendation scenarios, we adopt two repre-
sentative datasets: MovieLens-1M and Amazon Fine Food
Reviews, and consider all non-interacted items as the rank-
ing space. For MovieLens-1M, the data are first grouped by
user ID and then strictly ordered by timestamp to reconstruct
the true interaction sequences. A temporal split is applied to
construct the training, validation, and test sets, ensuring that
no future information is used during prediction. The rating
values in the interval [1,5] are linearly normalized to [0, 1]
to improve numerical stability during training, using the fol-

lowing transformation:
r—1
4

For the Amazon Fine Food Reviews dataset, the Summary
and Text fields are cleaned and merged, and user interac-
tion sequences are reconstructed in chronological order us-
ing the same temporal split strategy as in MovieLens. Un-
like MovieLens, the Amazon dataset contains rich textual
reviews that can be used to construct semantic attributes.
Previous studies have shown that jointly modeling textual
and temporal information can significantly improve recom-
mendation performance in scenarios with abundant review
content and clear temporal patterns(Rabiu et al. 2022; Ding,
Liu, and Hu 2022) Therefore, this dataset provides a more
rigorous test of DPDRS’s capability in logical preference
updating and attribute-level reasoning.

The attribute matrix M is a core input to the logical rea-
soning channel, transforming each item from a single vector
into a set of interpretable attributes. Different attribute rep-
resentations are constructed for the two datasets, enabling
DPDRS to perform preference reasoning in an abstract at-
tribute space. For MovieLens-1M, M is derived from struc-
tured metadata such as genres, decades, rating buckets, and
popularity buckets, all of which have clear semantic bound-
aries. For the Amazon Fine Food Reviews dataset, M is built
from aspects and sentiments extracted from natural language
reviews. For a given aspect a, its positive sentiment ratio is
defined as:

y = (18)

+
= C—a. (19)
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Baselines DPDRS and its ablations

Dataset UserCF ItemCF MF MAUT CosRec DPDRS| Full -Consis -Collab -TimeGate -UpdOp -ShortPref
ML-IM

Precision@10 .1021  .1088 .1163 .0704 .0419  .1226 |.1226 .1215 .1195 1182 1179 1207
Recall@10 0502 .0526 .0578 .0340 4187 .0548 |.0548 .0580 .0526 .0603 .0596 .0585
NDCG@10 113 1174 1276 .0745 1080  .1341 |.1341 .1337  .1300 1301 1305 1327
Amazon

Precision@10 .0211  .0501 .0831 .0393 .0480 .0660 |.0660 .0603 .0404 .0592 .0564 .0644
Recall@10 1185 3354 3341 2847 4802 4500 |.4500 .4200 2828 4109 3474 4452
NDCG@10 .0820  .3388 3020 .1995 .3229 4400 |.4400 .3838 .2058 3716 .3263 4178

Table 1: Overall performance (P@10, R@10, NDCG@10) of baselines and ablation variants of DPDRS on ML-1M and Ama-

zon.

Here, ¢t and ¢~ denote the numbers of positive and negative
sentences related to aspect a, respectively. To enhance the
interpretability of logical reasoning, the sentiment strength
is discretized into three levels (low, medium, high), and
all categorical textual attributes are encoded using indepen-
dent one-hot vectors. The resulting Amazon attribute ma-
trix contains nearly fifty dimensions, representing an inno-
vative practice of constructing logic-ready attribute vectors
from natural language. Existing studies have also shown
that aspect—sentiment features can improve prediction accu-
racy while providing finer-grained explanatory support(Liu,
Zhang, and Gulla 2021; Gajula 2025).

A multi-seed strategy is employed for training and evalu-
ation across all models, and the final results are reported in
terms of the mean and standard deviation (Ovaisi et al. 2022;
Bauer, Said, and Zangerle 2024).

Comparative Experiment and Ablation
Experiment

To comprehensively validate the effectiveness of DPDRS,
we conduct both comparative experiments and ablation stud-
ies on these two datasets. For the comparative experiments,
representative baseline methods including UserCF, ItemCEF,
MEF, CosRec, and MAUT(Aljunid et al. 2025; Koren, Bell,
and Volinsky 2009; Akpan and Morimoto 2022; Yan et al.
2019) are selected, covering major paradigms such as col-
laborative filtering, matrix factorization, sequential model-
ing, and multi-attribute recommendation. The correspond-
ing results are shown in Fig. 3. Meanwhile, systematic ab-
lation studies are further carried out to examine the impact
of each component of DPDRS from the perspectives of be-
havioral modeling, attribute-level logical reasoning, tempo-
ral dynamics, and preference evolution, with the results pre-
sented in Fig. 4. Table 1 shows the specific results of the
comparison and ablation experiments.

Comprehensive experiments show that DPDRS consis-
tently ranks at the top in ranking accuracy, recall capac-
ity and overall utility. Its edge comes from unifying be-
havioral evidence, attribute rules and collaborative signals
within a dynamic-preference-logic framework. Compared
with UserCF/ItemCF, it replaces static co-occurrence ma-
trices with a time-aware upgrade operator, largely allevi-
ating interest drift. Against latent-factor models it decom-
poses each user—item interaction into an interpretable se-
quence of propositions, worlds and priority orders, cutting

random errors inherent in latent dimensions and yielding
smaller variance and higher stability. Relative to MAUT
it continuously revises the preference structure through
differentiable upgrades, preventing multi-attribute utilities
from falling into logical conflicts under sparse feedback.
In contrast to CosRec it explicitly injects attribute seman-
tics into sequential inference, equipping short-term signals
with traceable explanatory chains. Ablation studies further
reveal that removing the consistency constraint, collabora-
tive channel or temporal gate causes the steepest drops, con-
firming that behavior-attribute alignment, group-signal sup-
plementation and time-decay modeling are the main pillars
of performance. The preference-upgrade operator and short-
term buffer, though less dramatic, still supply indispensable
corrections in sparse scenarios. Overall, the modules com-
plement and couple with one another; the full architecture
maintains high interpretability while jointly capturing long-
term preference evolution and short-term contextual feed-
back, validating the integrated advantages of a modular de-
sign grounded in dynamic preference logic in terms of accu-
racy, robustness and explainability.

Conclusion

In summary, the DPDRS proposed in this paper achieves
structured expression, logical reasoning and interpretable
generation of user preferences by organically integrating dy-
namic preference logic with a deep learning framework. The
experimental results show that this model demonstrates sta-
ble and superior performance in different datasets and mul-
tiple recommendation paradigms, verifying the key roles of
preference upgrade operators, attribute logic channels, and
temporal dynamic modeling in characterizing users’ true in-
tentions. Further ablation studies also show that the modules
form a complementary and collaborative overall structure.
The absence of any part will weaken the model’s reasoning
ability and recommendation quality. Overall, DPDRS not
only outperforms existing methods in terms of accuracy, but
also offers new solutions in terms of interpretability, adapt-
ability and logical consistency, laying a theoretical founda-
tion and practical value for the construction of a new gen-
eration of recommendation systems with logical reasoning
capabilities.
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