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Abstract

News recommendation is a critical technology that helps users efficiently find content of
interest from large candidate pools. Its core objective is to accurately model user read-
ing interests. However, current news recommendation systems typically suffer from two
key limitations: (i) they fail to suppress noise from a frequency-domain perspective, and
(ii) they lack effective calibration for popularity bias within the embedding space. In this
work, we propose a novel frequency-domain denoising and popularity-bias correction
recommendation network (FDDP-RN) to address both challenges simultaneously. Our
approach introduces spectral analysis into the news encoder. Specifically, we design a
filtering mechanism that combines truncation and scaling to enhance high-frequency se-
mantic components, improve text feature representation accuracy, and suppress redundant
low-frequency components. In addition, we introduce a norm-scaling factor that dynami-
cally calibrates the embedding distribution of cold-start news items, placing them on an
equal footing with popular news items. This effectively improves the exposure of long-tail
content without requiring extra user interactions. We conduct extensive experiments on
three public datasets, namely, MIND-small, MIND-large, and Adressa. The quantitative
results demonstrate that FDDP-RN achieves state-of-the-art performance. Notably, on
the Adressa dataset, our model achieves an AUC of 75.36% and an nDCG@10 of 50.11%,
outperforming the strongest baseline. Furthermore, cold-start fairness diagnostics on the
MIND-small dataset reveal that our mechanism increases the top-10 long-tail exposure
rate from 15.3% to 18.1% and reduces the exposure Gini coefficient from 0.991 to 0.987,
indicating a better balance among recommendation accuracy, diversity, and fairness.

Keywords: news recommendation; frequency-domain denoising; popularity; user
interest modeling

1. Introduction
News recommendation serves as a core technology for modern content platforms. It

directly affects user engagement and platform revenue. Poor recommendations cause users
to lose interest, click less, and spend less time on the platform. Over time, this leads to
user churn. Biased recommendations also reduce content diversity and fairness. Niche
articles and socially important stories struggle to get attention. Therefore, improving both
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accuracy and fairness in news recommendations is important for platform operators and
content providers.

The main research problem is how to model user reading preferences from click history
and news content. A good solution must handle two challenges. First, news text contains
both stable information and sudden, time-sensitive signals. The stable part includes general
topics and writing style. The sudden part includes breaking events, new entities, and
changes in public attention. Second, popular news gets most of the clicks. This creates
a feedback loop. Popular articles become more dominant in training data. Cold-start or
long-tail articles get little exposure, even when they are relevant. A good recommender
must be accurate, timely, and fair.

Many methods have been proposed for news recommendation. Early work used
attention to extract features from user clicks. Zhu et al. [1] combined CNNs with attention
and RNNs to model user interests. Qi et al. [2] designed a candidate-aware network that
builds user representations for each candidate item. Kim et al. [3] used a context-aware
network with a selection module to enrich headlines with body text. Recent work has
explored graph-based models [4] and multi-interest learning [5]. These methods have
pushed the field forward.

Despite this progress, existing methods have two key limitations. First, none of
them leverage frequency-domain analysis for text encoding. As illustrated in Figure 1,
news headlines inherently contain both low-frequency smooth semantics (e.g., general
context) and high-frequency abrupt signals (e.g., named entities and event triggers) [6,7]. By
stacking pretrained word vectors in token order and applying a fast Fourier transform (FFT)
along the sequence dimension, our spectral analysis reveals how much each frequency
contributes to the overall semantic meaning. Specifically, an empirical analysis of sampled
news titles from the MIND-small dataset (Figure 1b) demonstrates that high-frequency
energy accounts for between 35.51% and 48.27% of the total magnitude, with an average of
40.90%. This indicates that high-frequency peaks, driven by sudden keyword changes, are
not negligible noise but a substantial part of the semantic content. Yet, existing attention
models treat all words equally and inadvertently smooth out these high-frequency signals.
This leads to recommendations that are safe but slow to reflect fresh content [8,9]. Second,
existing methods lack effective calibration for popularity bias in the embedding space.
Popular items dominate the training phase, pushing cold-start items to the tail of the
distribution. This geometric bias persists in retrieval and ranking, making it difficult for
fresh or niche content to surface even when it matches user interests.

To determine whether the observed high-frequency components are discriminative
rather than random noise, we further compute the per-frequency variance of magnitude
spectra across news categories. Low-frequency components (index < 5) have coefficients
of variation between 0.12 and 0.18, whereas high-frequency components (index ≥ 5)
exhibit 1.8× higher cross-category variance on average and up to 2.3× higher variance at
peak frequencies. This contrast indicates that low-frequency components mainly preserve
shared structural context, while high-frequency components contain stronger category-
specific variation.

To address the above issues, we propose FDDP-RN, a network with frequency-domain
denoising and popularity bias correction. The model has three main innovations. First,
we apply FFT to word embeddings and design a truncation-and-scaling filter. This filter
boosts high-frequency semantic components and reduces low-frequency noise. To the
best of our knowledge, this is the first use of frequency-domain text processing in news
recommendation. It addresses the problem that existing encoders smooth over sudden,
meaningful signals. Second, we propose a click-response clustering method. It models
popularity as a temporal pattern, not a fixed number. We extract features from each item’s
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click curve, such as growth rate, peak time, and decay slope. We then cluster items into
popularity modes, such as cold-start or mainstream. Based on cluster membership, we
apply a dynamic norm-scaling factor. This adjusts the embedding magnitude of cold-start
items. It changes the geometry of the embedding space so that cold-start items are not at a
disadvantage. To the best of our knowledge, this is among the first methods to perform
popularity debiasing at the embedding level while supporting items with zero interactions.
Third, we use an asymmetric routing design. Historically clicked news items go through
the popularity calibration module. Candidate news items do not. This keeps candidate
embeddings raw and rich. The asymmetry creates an implicit contrastive effect. The
attention model learns to match on semantic direction, not embedding size. This separates
relevance from popularity in the user model.
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(a) Conceptual illustration of high-frequency and low-frequency signals.

(b) Empirical spectral analysis of word embeddings in sampled news titles.

Figure 1. Motivation for frequency-domain denoising. The combination of conceptual semantics
(a) and empirical energy distribution (b) confirms that high-frequency abrupt signals constitute
a substantial portion (average 40.90%) of the overall text features, which are often overlooked by
traditional spatial-domain encoders. The colors in the schematic distinguish smooth low-frequency
semantics from abrupt high-frequency signals; the plotted colors in the empirical panel distinguish
the corresponding frequency components.
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We test FDDP-RN on three public datasets: MIND-small, MIND-large, and Adressa.
Results show that our model outperforms state-of-the-art baselines on all metrics and all
datasets. We also conduct detailed ablations. For FDD, we compare against low-pass
only, high-pass only, band-pass only, fixed scaling, learnable frequency-wise filtering,
and no FDD. For PBC, we compare against popularity normalization, IPW, popularity
regularization, and no PBC. These tests confirm that the gain comes from our specific
designs, not from extra parameters.

Our main contributions are:

• We introduce a frequency-domain news encoder tailored to news recommendation.
Unlike Fourier-based language models that mainly use spectral transforms for efficient
token mixing, the proposed encoder performs explicit frequency partitioning on title
word embeddings and reconstructs denoised news representations for recommendation.

• We design a truncation-and-scaling frequency denoising mechanism that selectively
enhances high-frequency abrupt semantic signals while suppressing redundant low-
frequency components, thereby improving the representation of timely and event-
sensitive news.

• We propose an embedding-space popularity bias correction mechanism for cold-
start news. Unlike click-count reweighting or popularity prediction methods, it
calibrates the magnitude of cold-start news vectors toward a popularity-derived norm
benchmark while preserving semantic direction.

• We conduct experiments on MIND and Adressa, together with mechanism-level
spectral analysis, propagation-state clustering, ablation studies, diversity analysis,
and cold-start fairness diagnostics, to verify both recommendation accuracy and the
intended bias-correction behavior.

The rest of this paper is organized as follows. Section 2 reviews related work and gives
background on FFT. Section 3 describes FDDP-RN in detail. Section 4 covers training and
complexity. Section 5 presents the experimental setup. Section 6 shows results and analysis.
Section 7 concludes and discusses limitations and future work.

2. Related Work
2.1. Personalized News Recommendation

Personalized news recommendation aims to help users find relevant articles from
large-scale information streams. Early methods used collaborative filtering or content-based
approaches. With the rise of deep learning, neural models became the dominant approach.
Attention networks can effectively improve recommendation performance by extracting
features from users’ historical behavior. NRMS [10] used multi-head self-attention to learn
news and user representations. NAML [11] extended this with multi-view attention on titles,
bodies, and categories. CAUM [2] introduced candidate-aware user modeling that builds
user representations conditioned on each candidate item. Wang et al. [12] detected the
potential interest of each news article and assigned it to its corresponding interest-specific
channel, after which a GRU-based network was employed to generate the personalized-
interest representation for the session. Li et al. [5] further captured diverse user interests
by learning multiple interest vectors through a poly attention scheme with disagreement
regularization, and incorporated news category information via a category-aware atten-
tion weighting strategy to enhance personalized recommendation. Wang et al. [13] jointly
modeled users’ goal-oriented reading intentions and content-level reading preferences,
aggregating both through a gate network for more accurate personalized news recommen-
dations. More recent work has explored graph-based methods and multi-interest learning.
Jiang et al. [4] proposed NRCLS, which enhances personalized recommendations by mod-
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eling long-term preferences through a candidate-enhanced graph attention network and
short-term preferences through a subtopic-aware candidate attention mechanism. These
methods have improved accuracy but share a common limitation: they process text in the
time or token domain and do not consider frequency-domain characteristics.

2.2. Frequency Domain and the Fourier Transform

The Discrete Fourier Transform (DFT) is a fundamental tool for analyzing the
frequency-domain characteristics of discrete sequences. Its primary function is to de-
compose a discrete signal from the spatial domain into its spectral representation in the fre-
quency domain, thereby enabling the analysis of the signal’s spectral structure and patterns
of variation. For a discrete input sequence f [l] with length L indexed by l = 0, 1, . . . , L− 1,
its discrete Fourier transform F[k] is defined as:

F[k] =
L−1

∑
l=0

f [l]e−j 2π
L kl , k = 0, 1, . . . , L− 1 (1)

Here, j denotes the imaginary unit, and F[k] represents the k-th spectral component in the
frequency domain, comprising real and imaginary parts that determine the amplitude and
phase information of the signal at that frequency, respectively.

Conversely, the Inverse Discrete Fourier Transform (IDFT) reconstructs the spatial
domain sequence from its frequency-domain representation. Given a frequency-domain
sequence F[k], the corresponding spatial domain sequence f [l] is obtained as:

f [l] =
1
L

L−1

∑
k=0

F[k]ej 2π
L kl , l = 0, 1, . . . , L− 1 (2)

Compared to the DFT, the IDFT features a positive sign in the exponential term and
incorporates a normalization factor of 1

L . Through the IDFT, the model can perfectly
reconstruct the modified spectral features back to the original data space, completing the
signal reconstruction process.

Fourier transforms have been used in NLP for efficient sequence modeling. FNet [7]
replaced self-attention with FFT for token mixing, reducing complexity. GFNet [14] used
global filters in the frequency domain for image classification. In recommendation, Spec-
tralCF [15] applied spectral analysis to user-item interaction matrices. More recently, FS-
DRec [16] used frequency-sensitive diffusion for sequential recommendation. FITMM [17]
applied frequency-aware learning to multimodal recommendation. These methods use fre-
quency analysis on interactions or general features. None of them apply frequency-domain
processing to news text content. To the best of our knowledge, our work is the first to do so.

2.3. Popularity Bias and Fairness

Unlike static property features typically exhibited after news release, news propagation
follows a nonlinear saturation model [18]. As a measure of propagation, popularity reflects
the attractiveness and freshness of news. For instance, Qi et al. [19] synthesized near-real-
time CTR, recency, and title-based popularity prediction into a unified news popularity
score. Meng et al. [20] used the time since news publishing and near-real-time CTR to
model the current positions of news articles in their lifecycles. Ma et al. [21] estimated the
ultimate popularity and propagation speed of news through a first-order saturation model,
and employed a logarithmic time-decay mechanism to construct dynamic popularity
scores so as to mitigate overexposure of trending content. The results indicate that these
methods can capture the nature of news by incorporating additional popularity information.
However, these methods tend to establish a relationship between click-through rates
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and popularity, causing the models to overemphasize trending news and continuously
promote highly visible content. Furthermore, Yang et al. [22] noted that popularity-based
recommendations significantly influence users’ news selection behavior; such choices often
reflect the audience’s preferences, leading to recommendations that favor popular content.
While this improves the efficiency of information retrieval, it may also limit users’ exposure
to public affairs of social importance, thereby affecting the fairness of news dissemination.

Many methods have tried to fix popularity bias. PENR [23] added popularity pre-
diction as an auxiliary task but kept item representations unchanged. Wang et al. [24]
applied frequency-aware contrastive learning at the user modeling level. This did not
calibrate cold-start item embeddings. PPSR [9] performed semantic retrieval for popularity
prediction. It did not correct the geometric bias of cold-start items. Other approaches used
inverse propensity weighting, causal inference, or regularization. These methods intervene
at the loss, sampling, or ranking level. They do not change the embeddings themselves.
Cold-start items remain geometrically disadvantaged in the representation space. Our
method differs. We calibrate embedding magnitudes directly based on popularity patterns.
This fixes the problem at its source.

2.4. Summary

To summarize, existing work in news recommendation lacks frequency-domain text
encoding. Frequency-domain methods in NLP and recommendation focus on efficiency or
interaction data, not news text. Popularity debiasing methods work at the loss or ranking
level, not at the embedding level. FDDP-RN fills all three gaps. It provides frequency-
domain denoising for news text, embedding-level popularity calibration for cold-start
items, and asymmetric routing that creates implicit contrastive dynamics.

3. Method
In this section, we present a frequency-domain denoising and popularity bias cor-

rection recommendation network (FDDP-RN) for news recommendation. As shown in
Figure 2, FDDP-RN comprises two main components: frequency-domain denoising is intro-
duced prior to the self-attention mechanism to amplify salient, high-frequency keywords
in titles while attenuating smooth, redundant segments. This prevents semantic noise
from diluting core signals, thereby enhancing the discriminability of news representations.
Popularity bias correction is introduced to mitigate the unfairness faced by cold-start news
due to a lack of user interaction signals. By dynamically scaling the embedding vectors of
cold-start news, this mechanism aligns their distribution with the mean of popular samples,
effectively suppressing the inherent marginalization of niche content.

3.1. Problem Formulation and Notations

This section sets the formal framework for our news recommendation system, intro-
ducing key mathematical notations and conceptual foundations. To maintain notational
consistency throughout our methodology, the primary symbols and their corresponding
descriptions used in FDDP-RN are systematically summarized in Table 1.

We define and formalize the news recommendation task as follows: for each individual
user u ∈ U , their historical click sequence is denoted as N u = {nu

i }
|N u |
i=1 . Each historically

clicked news article nu
i is represented by a word sequenceWnu

i
= {wj}L

j=1, where L is the
length of the sequence. Given the user’s historical interaction sequenceN u and a candidate
news item nc ∈ Nc, our ultimate objective is to predict the user’s click probability ŷu for
the candidate news item nc.
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Table 1. Key Notations and Descriptions for FDDP-RN.

Symbol Description Symbol Description

N u Historically clicked news se-
quence of user u Nc, nc

The set of candidate news and a
candidate item

Wni

The word sequence of news article
ni

X Spatial-domain word embedding
matrix

X̂, X̂′ Original and gated frequency rep-
resentations σ

Truncation index for low-
frequency components

ξ
Scaling factor for high-frequency
components X̃ Denoised spatial-domain word

matrix

rni

Initial news representation gener-
ated by the encoder η∗ni

, T∗ni

Popularity ceiling and propaga-
tion saturation time

vni

2D state vector characterizing
news popularity N cold,N pop Partitioned cold-start and popular

news collections

µpop Mean embedding magnitude of
popular news collection ζcold Popularity bias correction factor

for cold-start news

ς
Hyperparameter controlling the
adjustment magnitude ṙnu

i

Calibrated news representation
via PBC module

κj, αnu
i

Word-level and news-level atten-
tion weights Ww, Wn

Projection matrices for dual atten-
tion

qw, qn Query vectors for dual attention u Unified user interest representa-
tion

ŷu
Predicted click probability for can-
didate news Θ The set of all learnable model pa-

rameters

3.2. Frequency-Domain Denoising

The news encoder aims to generate news representations with high distinctiveness.
However, news titles often contain segments with gradual semantic changes and sparse
information density, which appear as low-frequency components in the frequency domain.
In traditional self-attention mechanisms, these segments tend to accumulate high weights
due to their dominant sequence length, leading to the dilution of the core semantic signal.
To address this, we propose a frequency-domain denoising strategy (FDD), which enhances
the news encoder’s ability to capture abrupt semantic changes by introducing a frequency-
domain inductive bias.

For a generic news article ni ∈ N (representing either a historically clicked news item
or a candidate news item), letWni = [w1, . . . , wL] denote its word sequence. The initial
word embeddings xwj = GloVe(wj), ∀wj ∈ Wni [25] are stacked to form the embedding
matrix X = [xw1 , . . . , xwL ] ∈ RL×D. Let K = ⌊L/2⌋+ 1 denote the number of non-redundant
coefficients in the one-sided spectrum. Applying a real-valued fast Fourier transform along
the sequence dimension gives:

X̂ = rFFT(X) ∈ CK×D, (3)

where rFFT stores only the non-redundant one-sided spectrum of the real-valued input.
Because word embeddings are real-valued, the implementation uses a one-sided real FFT
along the sequence dimension. Only the non-redundant coefficients are explicitly stored in
the compact spectrum, while the negative-frequency coefficients are implicitly determined
by conjugate symmetry. Filtering is applied in this compact domain, and the inverse real
FFT is computed with the original sequence length specified so that the reconstructed word
representation remains in RL×D.
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Figure 2. Overall architecture of FDDP-RN. The model follows the classic news-user encoding
paradigm. News titles are first converted into word embedding sequences and transformed to
the frequency domain via a fast Fourier transform (FFT). A learnable frequency-domain denoising
mechanism suppresses low-frequency components and amplifies high-frequency components. The
inverse FFT (IFFT) reconstructs the denoised embeddings, which are subsequently fed into a shared
News Encoder to generate initial news representations. For candidate news, this representation rnc

is directly utilized for click prediction. For historical interactions, the initial vectors are exclusively
routed into a user interest modeling module, where a popularity bias correction (PBC) mechanism
calibrates the magnitude of cold-start news. Finally, a news-level attention mechanism aggregates
these calibrated vectors into a unified user interest representation u. The ultimate click probability is
computed via the inner product. Colors distinguish the input, frequency-domain denoising, news
encoding, popularity-bias correction, and user-modeling stages.

In the compact frequency representation X̂, the first σ coefficients are treated as low-
frequency components and the remaining K− σ coefficients as high-frequency components.
We keep the low-frequency coefficients unchanged and introduce a learnable scaling factor
ξ ∈ R for the high-frequency coefficients:

X̂′ = [X̂′k]
K−1
k=0 ∈ CK×D, where X̂′k =

X̂k, 0 ≤ k < σ

ξ · X̂k, σ ≤ k < K
(4)

where σ is the truncation index determining the bandwidth retained for the low-frequency
components. By adaptively strengthening key abrupt change signals, ξ effectively enhances
the sensitivity and discriminative power of news embeddings to important semantic varia-
tions. Accordingly, σ is the cutoff index in the compact one-sided spectrum. Coefficients
below the cutoff are retained unchanged, while coefficients at and above the cutoff are
multiplied directly by ξ. The scaling coefficient ξ is a learnable scalar optimized end-to-end
via standard backpropagation together with the rest of the model. To keep the effective
high-frequency amplification non-negative, we enforce a non-negativity constraint through
a square or softplus reparameterization. The same scalar is shared across all samples, token
positions, frequency bins in the high-frequency band, and embedding dimensions, so the
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module introduces only a lightweight frequency-domain inductive bias rather than a large
parameter matrix.

The modified compact spectrum is reconstructed with an inverse real FFT using the
original sequence length:

X̃ = irFFT(X̂′, n = L) ∈ RL×D, (5)

where irFFT(·, n = L) restores the omitted negative-frequency coefficients through conju-
gate symmetry and reconstructs a real-valued sequence of length L.

3.3. News Encoder

To capture deep contextual dependencies, the reconstructed spatial-domain represen-
tation X̃ ∈ RL×D from the FDD module is passed into the News Encoder. Built upon the
architectural foundation of our prior work, PAD-MPFN [21], this module processes X̃ via a
multi-head self-attention (MSA) [26] layer to capture global word interactions. Standard op-
erations, including layer normalization, residual connections, and feed-forward networks
(FFNs), are used in this module to enhance nonlinear representational capacity, yielding
contextualized embeddings H = [h1, h2, . . . , hL]

⊤:

H = MSA(X̃WQ, X̃WK, X̃WV) ∈ RL×D, (6)

where {WQ, WK, WV} are learnable projection matrices. Subsequently, a word-level addi-
tive attention network is applied to select informative words and aggregate them into the
final news representation rni ∈ RD:

rni =
L

∑
j=1

κjhj ∈ RD, κj =
exp(q⊤w tanh(Wwhj))

∑L
k=1 exp(q⊤w tanh(Wwhk))

, (7)

where Ww and the query vector qw are trainable parameters for word-level attention.
The initial representation rnc for the candidate news item nc is generated via an identical
encoding workflow, which explicitly bypasses the PBC module to maintain its objective
semantic magnitude. For clarity in the algorithmic implementation (Algorithm 1), this
entire word-level encoding process is abstracted as the function NewsEncoder(·).

3.4. Popularity Bias Correction

In news recommendation scenarios, traditional methods typically prioritize prediction
accuracy as their core optimization objective. Because models based on inner products
tend to assign larger feature magnitudes to popular items, they are prone to overfitting
to trending news, resulting in an inherent popularity bias. This problem is particularly
severe for newly released cold-start news: these news items not only lack real-world
interaction data but also have initial embedding magnitudes that are often unevenly
distributed. Specifically, some cold-start news items that accidentally acquire large initial
magnitudes are incorrectly predicted as “high-popularity” and over-recommended, while
most potentially relevant news items with smaller magnitudes are marginalized, severely
violating the principle of fairness in recommendation.

To alleviate the above problems, we propose a popularity bias correction (PBC) mech-
anism. Following our prior work [21], we characterize the propagation dynamics of news
ni by its popularity upper bound η∗ni

and propagation saturation time T∗ni
. Specifically,

given the cumulative click records Dc
ni
(t) = {(j, C̃ni (j))}t

j=1, we fit a first-order system
response model:

Cni (t) = ηni (1− e−t/Tni ), (8)
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by minimizing the following error:

Lηni ,Tni
(Dc

ni
(t)) =

1
t

t

∑
j=1

(
Cni (j)− C̃ni (j)

)2. (9)

Algorithm 1 FDDP-RN training procedure
Input: Training set D, truncation index σ, popularity upper bound η∗ni

, propagation
saturation time T∗ni

, scaling factor ξ, negative sampling ratio K, batch size m
Output: Learned model parameters Θ
1: Initialize word embedding X, η∗ni

, T∗ni
, partitioning cold-start and popular news collec-

tions N cold and N pop via Equation (12)
2: while epoch e = 1 to E do
3: Shuffle D and partition into batches {B1, . . . ,B|D|/m}
4: for each batch B do
5: for each session Su ∈ B do
6: n+

i , S̄u
K ← NegativeSample(Su, K) ▷ Negative Sampling

7: // Phase 1: Shared News Encoding (FDD & Context)
8: for each news item n ∈ {N u ∪ {n+

i } ∪ S̄
u
K} do

9: X̂← rFFT(Xn) via Equation (3) ▷ One-sided real FFT
10: X̂′ ← [X̂k]

L−1
k=0 via Equation (4) ▷ Frequency-domain Gating

11: X̃← irFFT(X̂′, n = L) via Equation (5) ▷ Inverse real FFT
12: rn ← NewsEncoder(X̃) via Equation (7) ▷ Shared News Encoder
13: end for
14: // Phase 2: User Interest Modeling
15: for each historical news item nu

i ∈ N u do
16: ṙnu

i
← PBC(rnu

i
) via Equation (15) ▷ Popularity Bias Correction

17: end for
18: u← NewsAttention({ṙnu

i
| nu

i ∈ N u}) via Equation (16) ▷ User Interest
Aggregation

19: // Phase 3: Click Prediction
20: ŷ+i ← u⊤rn+

i
via Equation (17) ▷ Positive Sample Prediction

21: for each n−i,j ∈ S̄
u
K do

22: ŷ−i,j ← u⊤rn−i,j
via Equation (17) ▷ Negative Sample Prediction

23: end for
24: end for
25: Compute batch loss L via Equation (19) ▷ Loss Calculation
26: Update Θ via backpropagation
27: end for
28: end while
29: return Θ

In implementation, the propagation curve is estimated only from the training split.
For timestamped behavior logs, we first sort the training impressions by time and build
an item-level cumulative positive-click curve. The popularity ceiling η∗ni

is taken from
the fitted asymptotic response value, while T∗ni

denotes the first time point at which the
cumulative curve reaches 63.2% of η∗ni

. For the JSONL-format MIND-small analysis used
in the reviewer-response scripts, where absolute timestamps are not retained, the ordered
training records are divided into 48 chronological bins and the same 63.2% rule is applied
to the binned curve. Thus, the PBC partition uses only pre-evaluation training evidence
and never touches validation or test interactions. The first-order response parameters
are fitted by nonlinear least squares using training data only. Direct item-level fitting
requires at least three non-zero time points and five total positive clicks. Items below
either threshold, including zero-interaction items, receive category-level mean estimates
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computed exclusively from the training split. This fallback ensures that every item can enter
the same propagation-state clustering pipeline without using validation or test evidence.

The optimized parameters η∗ni
and T∗ni

represent the popularity upper bound and
propagation speed (time to reach 63.2% of saturation), respectively. These are projected
into a two-dimensional feature space to construct the state vector:

vni =
(

ln(1 + η∗ni
), ln(1 + 1/T∗ni

)
)⊤
∈ R2, (10)

where the first dimension represents the popularity limit of a news item, and the second
dimension indicates its spreading speed. Unlike traditional static click counts, this two-
dimensional space can easily separate fast-trending news from long-term engaging content
by capturing how they spread.

The clustering procedure is performed on news-level state vectors rather than on
raw click counts or text tokens. Before clustering, the two coordinates in vni are log-
transformed as shown above, which reduces the dominance of extremely popular articles
and makes propagation ceiling and spreading speed comparable in scale. Each news
article is therefore represented as one point in a two-dimensional propagation space, where
the horizontal direction captures potential popularity capacity, and the vertical direction
captures response speed. We then apply a bisecting K-means procedure with k = 2 on the
training-derived vectors. Compared with standard K-means, the bisecting variant is less
sensitive to initialization and provides a clearer binary split between hot and cold content.
The resulting partition is interpreted operationally: the cluster whose centroid lies closer to
the origin is assigned to the cold-start collection N cold, while the other cluster is assigned
to the popular collection N pop. This definition is more suitable for news recommendation
than a rigid zero-click rule, because short-lived articles can still behave like cold-start items
even after receiving sparse interactions. In the PBC stage, the cluster label is used only
to decide whether magnitude calibration is applied; the semantic direction of the news
embedding remains unchanged.

Starting with an initial cluster containing all state vectors, the algorithm iteratively
performs binary splitting guided by the objective of minimizing the sum of squared errors
(SSE) within clusters:

SSE = ∑
vni∈V

∥vni − c0∥2, c0 =
1
|V|

|V|

∑
i=1

vni ∈ R2, (11)

where c0 represents the centroid of the initial global cluster, and the resultant descendant
cluster centroids are denoted as ck (k = 1, 2) after the partition.

The cold-start and popular news sets are automatically identified based on the proxim-
ity of ck to the origin. Specifically, the cluster with a shorter distance to the origin is defined
as the cold-start news collection N cold, whereas the one with a longer distance constitutes
the popular news collection N pop:N cold = {ni | vni ∈ Vk, ∥ck∥ = min(∥c1∥, ∥c2∥)},

N pop = {ni | vni ∈ Vk, ∥ck∥ = max(∥c1∥, ∥c2∥)},
(12)

where the cold-start news set N cold corresponds to clusters whose centers are close to the
origin, indicating that their features maintain low values in both the potential capacity and
burst rate dimensions. The popular news set N pop corresponds to clusters whose centers
are far from the origin, indicating that the news in this set has a higher propagation ceiling
or a faster response speed. This partition should be understood as an operational cold-start
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definition: a news item is treated as cold-start when its learned propagation state shows
both limited expected reach and weak early response, even if it has already received a small
number of clicks. This is more suitable for news recommendation than a rigid zero-click
definition because news articles have short lifecycles and may remain under-exposed after
receiving only sparse interactions. In the following PBC step, the cluster label is used only
to decide whether magnitude calibration is applied; the semantic direction of the news
embedding remains unchanged.

As shown in Figure 3 and Table 2, the fitted cold-start cluster contains 5495 news
articles, accounting for 72.44% of the positive-click news pool, whereas the popular cluster
contains 2091 articles, accounting for 27.56%. The median empirical popularity ceiling of the
cold-start cluster is only 1.00, much smaller than that of the popular cluster (39.00), confirm-
ing that the proposed propagation-state partition identifies genuinely sparse-interaction
news rather than arbitrarily splitting the item set. Using fewer than 10 training interactions
as the conventional interaction-sparsity criterion, 85% of those low-interaction items are as-
signed to the propagation-based cold-start cluster. The proposed partition therefore largely
overlaps with the conventional definition while additionally accounting for propagation
ceiling and response speed.

Figure 3. Two-dimensional propagation-state clustering of news articles on the MIND-small training
split. Each point denotes one news article represented by

(
ln(1 + η∗ni

), ln(1 + 1/T∗ni
)
)
. The cluster

closer to the origin is identified as cold-start news, while the cluster farther from the origin is identified
as popular news. For readability, the vertical axis is displayed up to the 95th percentile, and the few
higher-speed points are shown at the upper boundary; the cluster statistics in Table 2 are computed
on the full data.

Table 2. Statistics of propagation-state clusters on the MIND-small training split.

Cluster News Count Ratio Mean η∗ Median η∗ Center-x Center-y

Cold-start 5495 72.44% 2.58 1.00 1.114 0.060
Popular 2091 27.56% 103.93 39.00 3.903 0.033

To balance the dominant influence of popularity on recommendation outcomes, we
perform bias correction by calibrating the magnitude distribution of cold-start news embed-
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ding vectors. Based on the initial news representation rni generated by the news encoder,
the mean magnitude of the popular news collection N pop is calculated as a benchmark:

µpop =
1

|N pop| ∑
nj∈N pop

∥rnj∥ ∈ R. (13)

For a historically clicked cold-start news item nu
i ∈ N cold, its correction factor ζcold

is defined to enable a linear contraction or expansion of the cold-start news magnitude
distribution:

ζcold =
∥rnu

i
∥+ ςµpop

∥rnu
i
∥(1 + ς)

∈ R, (14)

where ς > 0 is a tunable hyperparameter that determines the magnitude of the adjustment.
Ultimately, for any historically clicked news item nu

i ∈ N u, we feed its initial vec-
tor rnu

i
into the PBC module to obtain the calibrated final representation ṙnu

i
through a

conditional operation:

ṙnu
i
=

ζcoldrnu
i
, if nu

i ∈ N cold

rnu
i
, if nu

i ∈ N pop
∈ RD. (15)

Through this calibration, cold-start news items acquire a calibrated magnitude distribution
without altering their semantic direction.

The effect of Equation (15) can be inspected through the before/after norm distribution
of cold-start and popular news vectors. As a mechanism-level diagnostic on the MIND-
small training split, Figure 4 computes title-level vectors from averaged GloVe embeddings
and applies the same PBC norm transformation with ς = 0.5. The cold-start mean norm
moves from 3.277 before PBC to 3.282 after PBC, closer to the popular-news benchmark
of 3.293, while the popular-news distribution is kept unchanged. This confirms that PBC
performs magnitude calibration rather than semantic-direction rewriting.

Figure 4. Before/after norm distribution under the PBC mechanism on the MIND-small training
split. The default diagnostic uses title-averaged GloVe vectors and the same calibration formula as
Equation (15); popular news vectors are unchanged, while cold-start norms are shifted toward the
popular-news norm benchmark.

3.5. User Interest Aggregation

After being processed by the news encoder and the popularity bias correction, each
news item nu

i in the user’s historical click sequence N u is mapped to its calibrated repre-
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sentation ṙnu
i

via Equation (15). An attention mechanism is then employed to aggregate
these individual interaction representations into a unified user interest vector u ∈ RD:

u = ∑
nu

i ∈N u
αnu

i
ṙnu

i
∈ RD, αnu

i
=

exp(q⊤n tanh(Wn ṙnu
i
))

∑nu
j ∈N u exp(q⊤n tanh(Wn ṙnu

j
))

, (16)

where αnu
i

is the sequential attention weight, and Wn, qn are trainable parameters for news-
level attention. The attention weight evaluates the informative value of each historically
clicked news item in modeling the user’s current preferences. For clarity in the algorithmic
implementation (Algorithm 1), this news-level aggregation process is abstracted as u =

NewsAttention({ṙnu
i
| nu

i ∈ N u}).

3.6. Click Predictor

The click prediction module models the interaction between the user interest vector
and the candidate news representation. For the candidate news item nc, its representation
rnc is directly derived through the frequency-domain denoising (FDD) strategy and the
identical NewsEncoder workflow from its word sequenceWnc .

Ultimately, the predicted click probability ŷu is computed as the inner product of the
aggregated user interest embedding u and the candidate news representation rnc :

ŷu = u⊤rnc ∈ R, (17)

where u incorporates the popularity bias correction derived from historical interactions,
whereas rnc explicitly bypasses the PBC module to preserve its objective semantic magnitude.

4. Model Training of FDDP-RN
Following standard training principles in news recommendation, we introduce a neg-

ative sampling mechanism during the model optimization stage to alleviate the imbalance
between positive and negative sample distributions. It is worth noting that while our over-
all architecture is designed to score any candidate news nc ∈ Nc, during the training phase
(Algorithm 1), we instantiate the candidate set through this negative sampling. Specifically,
a batch B containing |B| independent user sessions is extracted from the training set D.
For each user session Su, we construct a localized candidate set consisting of one positive
clicked item n+

i and K randomly sampled negative items S̄u
K from the unclicked candidates.

To accurately characterize user interests, we use the negative log-likelihood function as the
optimization objective, which is defined as follows:

ŷi = [ŷ+i , ŷ−i,1, ŷ−i,2, . . . , ŷ−i,K] ∈ RK+1, (18)

where ŷ+i represents the predicted score of the positive sample, and {ŷ−i,1, . . . , ŷ−i,K} denote
the predicted scores of the K corresponding negative samples in the i-th session. We
optimize the model parameters by minimizing the batch-wise negative log-likelihood loss,
which is formulated as:

L = − 1
|B|

|B|

∑
i=1

log
exp(ŷ+i )

exp(ŷ+i ) + ∑K
j=1 exp(ŷ−i,j)

∈ R, (19)

where B denotes the training mini-batch, and |B| is the batch size.
This loss function aims to increase the scores assigned to positive samples and suppress

the interference of negative samples by widening the prediction difference between positive
and negative samples, thereby optimizing the model’s performance in discriminating click
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behavior. This allows both news representation and user representation to fully utilize
frequency-domain information and popularity-correction information.

The FDDP-RN training procedure is detailed in Algorithm 1. Initially, word em-
beddings, popularity parameters, and state vectors are initialized to partition news
into the cold-start news collection N cold and the popular news collection N pop (line 1).
During each epoch (line 2), the shuffled data is optimized in batches. For each session
Su, negative sampling constructs training instances (line 6). The model then computes
representations following a structured three-phase process. In Phase 1: shared news
encoding (lines 7–13), all involved news items (both historical and candidates) undergo
frequency-domain denoising (FDD) and are encoded into initial representations rn.
Subsequently, in Phase 2: user interest modeling (lines 14–18), the representations of
historical clicked news items are exclusively routed to the popularity bias correction
(PBC) module (line 16) to automatically generate fair representations ṙn for both cold and
popular news without altering semantic directions. A news-level attention mechanism
then aggregates these calibrated vectors into a comprehensive user interest representa-
tion u (line 18). Candidate news explicitly bypass this PBC module. Finally, in Phase 3:
click prediction (lines 19–23), matching scores are calculated via inner products between
u and candidate representations (lines 20–22). The model is optimized by updating all
parameters Θ via backpropagation using the computed batch loss L (lines 25–26).

The computational requirements of FDDP-RN can be analyzed through both theoret-
ical complexity bounds and empirical measurements. (1) The encoding of a single news
article undergoes a Fourier transform. An FFT is performed along the sequence dimension
on the L×D word vector matrix X to transform the semantic signal from the spatial domain
to the frequency domain. The computational cost is O(L · D log L). Scaling is performed
through a frequency-domain denoising mechanism that splits high and low frequencies
and scales high frequencies. This process involves only element-wise operations and no
complex matrix operations. The computational complexity is O(L · D). The computational
cost of IFFT is the same as that of FFT, which is O(L · D log L). (2) Popularity bias cor-
rection only performs magnitude calibration and distribution normalization on the final
embedding vector of historical cold-start news articles. No complex matrix operations or
feature reconstruction are required. The calculation mainly includes estimating the average
embedding magnitude of popular news, computing the embedding norm of cold-start
news, and applying vector scaling based on the correction factor ζcold. All operations are
scalar operations and element-wise vector operations, with a computational complexity
of O(D).

The computational feasibility of FDDP-RN is validated through empirical benchmarks
on an NVIDIA GeForce RTX 4070 Ti SUPER GPU. During the training phase, the model
achieves a processing throughput of 1.2 s per batch. This efficiency stems from the inher-
ent O(L log L) complexity of the frequency-domain denoising module, which introduces
minimal computational overhead compared to the standard spatial attention mechanisms.
Additionally, the popularity bias correction operates as a parameter-free adjustment, en-
suring that fairness calibration does not impede training scalability. Consequently, for a
dataset with 250,000 samples, the model completes five full training epochs and reaches op-
timal convergence within approximately 10 h, demonstrating a superior trade-off between
structural complexity and training speed. To quantify the additional cost introduced by the
two proposed components, Table 3 reports the measured batch-level overhead under the
same hardware and training configuration. Compared with the base news encoder without
FDD or PBC, the full FDDP-RN model increases the average training time from 1.09 s to
1.20 s per batch, corresponding to a 10.1% overhead. The FDD module accounts for most of
this increase because it performs one rFFT, one lightweight frequency scaling operation,
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and one inverse real FFT along the title sequence dimension. The PBC module adds only
0.02 s per batch because it uses norm computation and scalar rescaling on historical news
embeddings. It introduces no trainable parameters and requires only a one-time offline
propagation-state clustering step.

Table 3. Computational overhead of the proposed FDD and PBC components. Runtime is measured
on an NVIDIA GeForce RTX 4070 Ti SUPER GPU (NVIDIA Corporation, Santa Clara, CA, USA) with
the same batch size and training protocol used in the main experiments.

Setting Additional Operations Time/Batch Overhead Extra Parameters

Base encoder MSA-based news encoding only 1.09 s – –

+FDD rFFT, frequency scaling, and
irFFT 1.18 s +8.3% 1 scalar

+PBC Embedding-norm computation
and scalar rescaling 1.11 s +1.8% 0

FDDP-RN FDD + PBC 1.20 s +10.1% 1 scalar

In terms of deployment and inference, if news embeddings are pre-generated and
stored in a cache, the computational overhead for encoding candidate articles during a
user request is essentially negligible. For scenarios requiring on-the-fly encoding, the
complexity for a single news item is governed by the self-attention mechanism at O(L2D),
scaling linearly to O(Nc · L2D) for a pool of Nc candidates. Furthermore, the final ranking
process, which relies on vector dot products, requires only O(D) per item, resulting in a
total scoring complexity of O(Nc · D).

5. Experimental Setup
5.1. Dataset Description

We conduct experiments on the public datasets MIND [10] and Adressa [27] to verify
the adaptability and robustness of the proposed method in diverse news recommenda-
tion scenarios. MIND is a large-scale public news recommendation dataset collected by
Microsoft and contains complete user interaction logs from Microsoft News, including
impression events and historical click behavior.

• MIND-large: The data spans six weeks (12 October to 22 November 2019) and includes
two main components: (1) news content (headlines and summaries) and (2) user
interaction records.

• MIND-small is a stratified sample of MIND-large that consists of one week of behav-
ioral data from 50,000 randomly chosen users and maintains consistency with the
original data distribution.

The Adressa dataset is a news dataset released in collaboration between the Norwe-
gian University of Science and Technology and the mainstream Norwegian newspaper
Adressavisen. The core data include session start and end times, user IDs, news IDs,
timestamps, news titles, and news summaries, and cover user behavior over a one-week
period (1 January to 7 January 2017). Table 4 provides detailed statistics on key information
from the datasets, including the number of users, news articles, and click behaviors.

Table 4. Dataset statistics.

Dataset News Users Interaction Records

MIND-large 161,013 1,000,000 24,155,470
MIND-small 65,238 50,000 347,727
Adressa 14,732 537,627 2,527,571
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5.2. Experimental Protocol

Following established practices in news recommendation research [9,28,29], we evalu-
ate all methods on the predefined train/validation/test partitions and keep the validation
split exclusively for model selection. In the implementation configuration, MIND-small
contains 156,965 training impressions, 73,154 validation impressions, and 73,154 test im-
pressions; MIND-large contains 2,232,748 training impressions, 376,471 validation impres-
sions, and 2,370,727 test impressions; and Adressa contains 145,126 training impressions,
63,226 validation impressions, and 252,902 test impressions. The default reproducibility
seed is 3407. For the repeated-run results marked with ⋆, we use three independent seeds
(3407, 3408, and 3409) and report the mean and standard deviation. The default model con-
figuration uses σ = 7, ξ = 1.5, and ς = 0.5 unless otherwise stated in the hyperparameter
analysis. User click histories are truncated to the 50 most recent clicked news items, and
shorter histories are padded to the same length. News titles are truncated or padded to
30 tokens. Word representations are initialized with 300-dimensional GloVe embeddings,
and the model dimensionality follows the configuration used in each reported run. The
frequency-domain denoising module preserves the embedding dimensionality because
both FFT and inverse FFT are applied only along the sequence dimension. We set the
dropout probability to 0.2, use Adam with an initial learning rate of 2× 10−4, and apply a
10% linear warm-up schedule. During training, each positive clicked news item is paired
with K = 4 negative samples drawn from the unclicked candidates in the same impression.
Early stopping is applied on the validation AUC with a patience of five epochs, and the
checkpoint with the highest validation AUC is selected for final test evaluation.

5.3. Evaluation Metrics

We adopt four core metrics to evaluate recommendation accuracy: area under the
ROC curve (AUC), mean reciprocal rank (MRR), and normalized discounted cumula-
tive gain at 5 and 10 (nDCG@5 and nDCG@10). These metrics are widely used in news
recommendation [30,31].

Because the improvements on MIND are relatively small, we adopt a stricter statistical
protocol for all main comparisons. Each method is evaluated on the same test impressions
after validation-based checkpoint selection. For repeated runs, we report the mean and
standard deviation across independent seeds, the 95% confidence interval computed from
the seed-level scores, and the exact two-sided p-value obtained by comparing FDDP-RN
with the strongest baseline under paired observations. We use a paired t-test when the
seed-level paired differences are approximately normal; otherwise, we use the Wilcoxon
signed-rank test. The same protocol is applied to both accuracy metrics and cold-start
fairness metrics so that improvements in ranking quality and exposure fairness are assessed
under the same statistical standard.

To directly address cold-start fairness and long-tail exposure, we additionally report
catalog coverage, cold-start coverage, long-tail exposure rate, exposure Gini, average recom-
mendation popularity, cold-start recall, and group recall gap. Catalog coverage measures
the fraction of distinct recommended items over the entire candidate catalog. Cold-start
coverage measures the same fraction within N cold. Long-tail exposure rate measures the
proportion of top-k slots occupied by cold-start items. Exposure Gini quantifies inequality
in item-level exposure counts, with lower values indicating fairer exposure. Average recom-
mendation popularity is the mean training-set popularity ceiling η∗ of the recommended
items, so a lower value means less popularity concentration. Cold-start recall measures
the hit ratio of clicked cold-start items in the top-k list, and group recall gap is the absolute
recall difference between the popular and cold-start groups. These metrics complement
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AUC, MRR, and nDCG by checking whether accuracy gains are accompanied by fairer
exposure of sparse-interaction news.

5.4. Baselines

We evaluate our model against representative news recommendation methods:

1. LSTUR [32] constructs comprehensive user profiles via GRU networks for short-
term interest extraction and user ID embeddings for long-term preference modeling,
integrated through two distinct fusion methods.

2. NAML [11] adopts an attentive multi-view learning framework that aggregates these
diverse features into a unified news representation using a view-level attention mechanism.

3. NWT [33] fuses two types of information through joint training of a topic-aware
aggregator and a news encoder emphasizing word correlations, and utilizes enhanced
word correlations for topic prediction to mine user topic preferences for generating
accurate user representations.

4. MINS [12] detects latent interests of a single news item within a session through a
parallel interest network, and learns interest representations from related news of the
same interest to mine multi-interest features of the session sequence.

5. PENR [23] incorporates popularity prediction as an auxiliary task by calculating the
click counts of each news article to represent its popularity.

6. MCCM [24] generates specific feature extractors for words to capture multi-channel
local interest features and incorporates a frequency-aware contrastive learning module
to enhance the robustness of user modeling.

7. GLORY [28] constructs a global framework to enhance the local news context, leverag-
ing a globally aware graph neural network and multi-view learning to capture news
connections across users.

8. PAD-MPFN [21] mitigates popularity bias by integrating multi-source user interests
through sequential behavior, social propagation graphs, and logarithmic time-decay
factors and by utilizing dynamic gating mechanisms for personalized weighted min-
ing of user interests.

For baseline implementation sources, LSTUR and NAML use the official MIND imple-
mentations; PENR, GLORY, and MCCM use the code released by their authors; and NWT,
MINS, and PAD-MPFN are reimplemented following their original papers. All baselines
are retrained and reevaluated with the same train/validation/test partitions, title-only
input, candidate impressions, negative sampling ratio, evaluation code, early-stopping
criterion, and validation-based model-selection rule used for FDDP-RN.

6. Results
6.1. Overall Performance

Table 5 reports the performance on both MIND datasets. Values are percentages, with
the best results bolded and the second-best underlined.

First, models that incorporate auxiliary tasks or multi-source information, such as
PENR, NWT, and MINS, generally outperform LSTUR and NAML. PENR leverages a
popularity prediction task, NWT enhances representation through topic awareness, and
MINS mines multi-interest features via parallel networks. This suggests that single temporal
sequence modeling is insufficient to capture the complex evolution of user interests, and
multi-dimensional feature enhancement is crucial. Among all baselines, MCCM and PAD-
MPFN stand out: PAD-MPFN enhances hidden interests through a global click graph,
while MCCM captures multi-granular preferences using a hierarchical interest tree. This
validates the effectiveness of structured information and global context for improving
recommendation quality.
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FDDP-RN achieves the best results overall. The gains mainly come from two syner-
gistic factors. First, the Fourier frequency partitioning mechanism finely filters semantic
redundancy in word sequences, enhancing the discriminative power of core keywords.
Second, the popularity bias correction mechanism dynamically recalibrates the embed-
ding distribution of niche news, mitigating overfitting to popular signals. Consequently,
FDDP-RN not only identifies users’ true interests more accurately but also achieves a better
balance between recommendation accuracy and fairness.

Table 5. Overall performance comparison on the MIND dataset. Best results are bolded, second-best
are underlined. ⋆ marks methods with repeated-seed results following the statistical protocol.

Method
MIND-Small MIND-Large

AUC MRR nDCG@5 nDCG@10 AUC MRR nDCG@5 nDCG@10

LSTUR 65.87 30.78 35.15 40.15 67.08 32.36 35.15 40.93
NAML 66.12 31.53 34.88 41.09 66.46 32.75 35.66 41.40
NWT ⋆ 66.19 31.70 34.97 41.22 68.50 33.55 37.17 43.41
MINS ⋆ 67.10 31.71 35.25 41.50 68.11 32.49 34.67 42.42
PENR ⋆ 67.16 31.75 34.36 40.82 69.25 34.16 37.31 43.04
MCCM 67.95 32.76 36.62 42.66 69.45 34.41 37.62 43.31
GLORY ⋆ 67.68 32.45 35.78 42.10 69.04 33.83 37.53 43.69
PAD-MPFN ⋆ 68.03 32.90 36.67 42.77 69.40 34.37 37.66 43.79
FDDP-RN ⋆ 68.09 32.96 36.71 42.89 69.53 34.45 37.84 43.86

Table 6 shows the results on the Adressa dataset. PAD-MPFN again achieves the
second-best performance, confirming the effectiveness of global news graph modeling.
FDDP-RN achieves further improvements on all metrics, attributed to its accurate suppres-
sion of textual noise and distribution calibration of the embedding space. By introducing
frequency-domain inductive bias, the model filters semantic redundancy and enhances the
discriminative power of abrupt keyword changes. Moreover, given the strong timeliness
and cold-start nature of the Adressa dataset, the popularity bias correction factor ζcold

dynamically recalibrates the embedding distribution of cold-start news. This enables the
model to accurately capture users’ immediate preferences while overcoming the overfitting
to popular signals, thereby achieving a better balance between accuracy and novelty. Table 7
then reports the statistical-significance results for all three datasets.

6.2. Ablation Study

We conduct component-level and mechanism-level ablations on MIND-small and
Adressa. Table 8 reports exact AUC and nDCG@10 values for the complete model,
component-removal settings, low-pass, high-pass, band-pass, fixed-scaling, learnable
frequency-wise filtering, and simpler PBC alternatives. These results verify that the gains
come from the specific frequency-domain filtering and popularity-bias calibration designs
rather than from parameter addition alone. We report ablation results on MIND-small
and Adressa because they represent two distinct news recommendation settings and allow
the component effects to be evaluated across different data distributions. MIND-large is
reserved for the overall performance comparison due to its substantially higher computa-
tional cost.

• FDDP-RN: Complete FDDP-RN implementation with learnable FDD and norm-
rescaling PBC.

• w/o FDD: Remove frequency-domain denoising (disable Algorithm 1 line 9–line 11).
• w/o PBC: Remove popularity bias correction (disable Algorithm 1 line 16).
• w/NE: Remove both frequency-domain denoising and popularity bias correction,

using only the base news encoder.
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Table 6. Overall performance comparison on the Adressa dataset. ⋆ marks methods with repeated-
seed statistics.

Method
Adressa

AUC MRR nDCG@5 nDCG@10

LSTUR 73.17 39.47 39.79 47.21
NAML 73.14 38.10 38.56 46.13
GLORY 74.13 42.29 43.37 49.51
PENR 73.84 41.87 42.56 48.16
PAD-MPFN 74.62 42.90 43.62 49.75
FDDP-RN ⋆ 75.36 43.17 43.82 50.11

Table 7. Statistical significance test results (FDDP-RN vs. the strongest baseline on each dataset).
95% confidence intervals and paired p-values are reported. These statistics are based on repeated
runs with different random seeds.

Dataset Metric FDDP-RN (Mean ± std) Baseline (Mean ± std) 95% CI (FDDP-RN) p-Value

MIND-small

AUC 68.09 ± 0.04 68.03 ± 0.05 [68.04, 68.14] 0.041
MRR 32.96 ± 0.03 32.90 ± 0.04 [32.92, 33.00] 0.033

nDCG@5 36.71 ± 0.05 36.67 ± 0.04 [36.65, 36.77] 0.047
nDCG@10 42.89 ± 0.05 42.77 ± 0.06 [42.83, 42.95] 0.018

MIND-large

AUC 69.53 ± 0.04 69.45 ± 0.04 [69.48, 69.58] 0.026
MRR 34.45 ± 0.03 34.41 ± 0.04 [34.42, 34.48] 0.039

nDCG@5 37.84 ± 0.05 37.66 ± 0.04 [37.78, 37.90] 0.022
nDCG@10 43.86 ± 0.04 43.79 ± 0.05 [43.81, 43.91] 0.033

Adressa

AUC 75.36 ± 0.05 74.62 ± 0.06 [75.30, 75.42] 0.004
MRR 43.17 ± 0.04 42.90 ± 0.05 [43.12, 43.22] 0.012

nDCG@5 43.82 ± 0.05 43.62 ± 0.05 [43.76, 43.88] 0.021
nDCG@10 50.11 ± 0.05 49.75 ± 0.06 [50.05, 50.17] 0.009

As further shown in Table 8, the learnable FDD design outperforms all simplified
frequency variants. Low-pass only, high-pass only, and band-pass only remove comple-
mentary information and lead to clear performance drops. Fixed scaling is competitive
but remains inferior to the learnable shared scalar. The learnable frequency-wise filter
also remains below FDDP-RN on both datasets, showing that the gain does not come
from adding a larger set of frequency parameters. For PBC, norm rescaling obtains the
best AUC and nDCG@10 on both datasets, outperforming popularity normalization, IPW
reweighting, popularity regularization, and the direct removal of PBC.

Table 8. Extended ablation results of the FDD and PBC designs on MIND-small and Adressa.

Variant
MIND-Small Adressa

AUC nDCG@10 AUC nDCG@10

FDD Module
FDDP-RN (learnable) 68.09 42.89 75.36 50.11
Low-pass only 66.15 40.23 73.05 47.52
High-pass only 65.87 39.85 74.42 49.02
Band-pass only 67.34 41.88 74.31 48.91
Fixed scaling 67.82 42.51 74.88 49.53
Learnable frequency-wise filter 67.93 42.66 75.08 49.84
w/o FDD 67.11 40.99 74.52 49.23
w/ NE 65.86 40.16 74.15 48.89
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Table 8. Cont.

Variant
MIND-Small Adressa

AUC nDCG@10 AUC nDCG@10

PBC Module
FDDP-RN (norm rescale) 68.09 42.89 75.36 50.11
Pop normalization 67.55 42.15 74.58 49.08
IPW reweighting 67.72 42.42 74.82 49.68
Pop regularization 67.68 42.38 74.15 48.85
w/o PBC 67.85 42.51 74.96 49.72

6.3. Hyperparameter Analysis

This section examines the effects of the low-frequency component truncation index σ

and the high-frequency component scaling factor ξ on the FDDP-RN model. The sensitivity
analysis is conducted exclusively on the MIND-small validation set, which shares the same
data generation mechanism as MIND-large and Adressa, while keeping the grid search
computationally tractable. Based on this analysis, we select σ = 7 and ξ = 1.5 as the default
configuration. We then apply this same setting to all main experiments across MIND-small,
MIND-large, and Adressa without additional dataset-specific tuning. This unified configu-
ration ensures fair and consistent comparisons across the three datasets, while substantially
reducing the computational overhead that would otherwise be incurred by exhaustive
parameter searches on larger datasets. The experimental results demonstrate that this
configuration consistently achieves strong performance across all datasets, confirming that
the hyperparameters selected on MIND-small generalize effectively. We note that further
tuning on individual datasets could yield marginal additional gains, but the current results
already validate the effectiveness of FDDP-RN with a single, cost-efficient configuration.

6.3.1. Hyperparameter Analysis of σ

Figure 5 illustrates the impact of varying the low-frequency component truncation
threshold σ on the performance of the FDDP-RN model. Here ξ is fixed to 1.5, and all values
are measured on the MIND-small validation set. The main observations are as follows:
when σ = 7, both AUC and nDCG@10 reach their peaks simultaneously. This indicates that
this threshold covers the range of amplitudes for burst keywords and strong verbs in the
headlines, allowing the FDDP-RN to maximize the retention of core components reflecting
news timeliness and click intent, while minimizing redundant information. When σ = 9,
the amplitudes of a large number of fluctuating components are truncated. The loss of
information from these fluctuating components prevents the model from identifying the
core information in the headlines.

6.3.2. Hyperparameter Analysis of ξ

To assess the effectiveness of the high-frequency scaling factor ξ, we conducted hyper-
parameter experiments using the determined low-frequency cutoff σ = 7 and the discrete
set of values ξ ∈ {0.0, 0.5, 1.0, 1.5, 2.0, 2.5, 3.0}; the results are shown in Figure 6. Thus,
the conclusion ξ = 1.5 should be understood as the best value in the one-dimensional
sweep under σ = 7, not as the global optimum over the full two-dimensional grid. The
results reveal a consistent trend: as ξ increases, model performance first rises sharply to
a peak, after which it begins to decline. Specifically, as ξ increases from 0.0 to 1.5, both
AUC and nDCG@10 show a continuous upward trend, reaching the best one-dimensional
performance at ξ = 1.5. However, when ξ exceeds 1.5, both metrics decline significantly.
Specifically, when ξ = 0.0, the model retains only low-frequency components, resulting
in AUC and nDCG@10 reaching their minimum values across the entire range. This con-
firms that local semantic variations are the core carriers of key semantic differences in
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news recommendation, and discarding them severely weakens the model’s discriminative
ability. When ξ = 1.0, the high-frequency components are not scaled, and the original
frequency-domain representation is retained. In this case, the model’s performance is
markedly inferior to the optimal performance achieved at ξ = 1.5. This validates that the
scaling coefficient ξ can effectively enhance the semantic discriminative power of news
embeddings by adaptively amplifying high-frequency components under the optimal
σ configuration. When ξ > 1.5, excessive amplification of high-frequency components
disrupts the stability of global semantic modeling and leads to a continuous decline in
recommendation performance. Overall, the experiments identify ξ = 1.5 as the stable
default under σ = 7.

1 3 5 7 9
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Figure 5. The impact of low-frequency component truncation range σ on the MIND-small validation
set with ξ = 1.5.

6.3.3. Hyperparameter Analysis of σ and ξ

To evaluate the optimal choices for the parameters σ and ξ in FDDP-RN, we conducted
experiments using different parameter combinations. Figure 7 presents the experimental
results in a visual format. In particular, Figure 7a,b exhibit similar distribution patterns.
The two-dimensional grid reaches its highest validation scores at σ = 5, ξ = 2, with AUC
68.26 and nDCG@10 42.78. The final default setting is nevertheless kept at σ = 7, ξ = 1.5
because it is the simultaneous optimum in the two one-dimensional sweeps and achieves
AUC 68.09 and nDCG@10 42.73, only 0.17 AUC and 0.05 nDCG@10 below the joint-grid
peak. This default is therefore a conservative stability choice: it avoids selecting a sharper
local grid peak while preserving almost the same validation performance. If σ is too small,
the model inadvertently incorporates excessive high-frequency information and redundant
semantic fluctuations. Furthermore, if σ is too large, it indicates excessive truncation of
frequency components, leading to the loss of key semantic information, such as keywords
in news headlines, thereby affecting recommendation performance. Furthermore, the high-
frequency component scaling factor ξ essentially regulates the intensity of local semantic
information enhancement. If its value is too small, key discriminative features may be sup-
pressed. Conversely, if its value is too large, high-frequency information may be amplified,
thereby disrupting the stability of global semantic information and leading to a decline in
performance. Only moderate values of σ and ξ can enhance recommendation performance.
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Figure 6. The impact of frequency-domain scaling factor range ξ on the MIND-small validation set
with σ = 7.

6.4. Diversity Analysis

This section evaluates recommendation-list diversity on the MIND-small dataset using
intra-list minimum distance (ILMD) and intra-list average distance (ILAD). For a top-k
recommendation list, ILMD measures the minimum pairwise cosine distance among the
normalized embeddings of the recommended news items, whereas ILAD measures their
average pairwise cosine distance. Therefore, higher ILMD and ILAD values indicate that
the recommended items are less semantically redundant and that the list contains more
diverse content. As shown in Table 9, FDDP-RN consistently outperforms the two baseline
methods across all evaluation metrics. Specifically, compared with the best-performing
baseline PAD-MPFN, FDDP-RN increases ILMD@5 by 0.77%, ILAD@5 by 0.41%, ILMD@10
by 0.86%, and ILAD@10 by 0.50%. These consistent and substantial improvements clearly
demonstrate the effectiveness of our FDDP-RN in enhancing the overall diversity of news
recommendation lists. Although PAD-MPFN successfully simulates the dynamic evolu-
tion of news popularity through first-order system response theory, its understanding
of news semantics is still limited to the temporal domain, resulting in insufficient news
modeling ability when processing news with rapid word-frequency variations. FDDP-RN
improves the matching accuracy between long-tail news and user interests by mining core
news semantics through frequency-domain denoising, while simultaneously using bias
correction to calibrate the model magnitude of cold-start news. This gives niche cold-start
news more exposure opportunities and improves recommendation diversity. As a result,
FDDP-RN is particularly effective in enhancing recommendation diversity. This more
comprehensive analysis and bias correction strategy enables it to provide richer and more
diverse recommendations, resulting in a better user experience.

Table 9. Comparison of recommendation diversity. Bold numbers indicate the best results.

Method ILMD@5 ILAD@5 ILMD@10 ILAD@10

PENR 20.73% 32.17% 15.70% 31.87%
PAD-MPFN 21.36% 32.84% 17.68% 32.36%
FDDP-RN 22.13% 33.25% 18.54% 32.86%
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Figure 7. Sensitivity analysis of parameters σ and ξ on the MIND-small validation set: (a) effects of σ

and ξ on FDDP-RN in terms of AUC; (b) effects of σ and ξ on FDDP-RN in terms of nDCG@10; and
(c) validation-based selection of σ and ξ. Each dot represents one evaluated parameter combination
in the grid, and the color scale encodes the corresponding validation score.

6.5. Cold-Start Fairness Analysis

To comprehensively assess the effectiveness of the popularity bias correction (PBC)
module in mitigating cold-start unfairness, we introduce a suite of fairness-oriented evalu-
ation metrics. Beyond standard accuracy metrics, we evaluate catalog coverage, cold-start
coverage, long-tail exposure rate, exposure Gini, average recommendation popularity, and
cold-start recall at the top-5 and top-10. These metrics are strictly computed on the test split,
utilizing the cold-start partition derived exclusively from training-stage propagation-state
clustering to prevent any data leakage.

As presented in Table 10, the complete FDDP-RN model consistently outperforms the
ablated variant (w/o PBC) across all fairness indicators on the MIND-small dataset. Specif-
ically, at top-10 recommendations, the introduction of the PBC module increases cold-start
coverage from 5.7 to 6.6 and the long-tail exposure rate from 15.3 to 18.1. Furthermore, the
exposure Gini coefficient decreases from 0.991 to 0.987, and the average recommendation
popularity significantly drops from 88.1 to 79.4. These results clearly demonstrate that the
PBC mechanism successfully suppresses the over-recommendation of trending news and
significantly boosts the exposure of marginalized cold-start content, thereby achieving a
fairer and more diverse recommendation distribution. To further assess the robustness of
these fairness improvements, we repeat the fairness evaluation with three independent
random seeds (3407, 3408, and 3409). Table 11 reports the mean, standard deviation, 95%
confidence interval, and paired two-sided p-value for the top-10 fairness metrics. The
improvements remain statistically significant across all reported fairness indicators. In par-
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ticular, the long-tail exposure rate increases from 15.3 ± 0.2 to 18.1 ± 0.3 (p = 0.006), while
exposure Gini decreases from 0.991 ± 0.001 to 0.987 ± 0.001 (p = 0.024). These repeated-run
results indicate that the fairness gains are not caused by a single random seed.

Table 10. Cold-start fairness results on MIND-small.

Method k Catalog Cov. Cold Cov. Long-Tail Exp. Exposure Gini Avg. Pop. Cold Recall

w/o PBC 5 16.8 3.7 12.3 0.994 130.0 23.1
FDDP-RN 5 17.5 4.4 14.7 0.991 118.6 25.2
w/o PBC 10 26.1 5.7 15.3 0.991 88.1 47.3
FDDP-RN 10 27.4 6.6 18.1 0.987 79.4 49.8

Table 11. Repeated-run statistical analysis of top-10 cold-start fairness metrics on MIND-small. Values
are computed over three independent seeds. For Exposure Gini and Avg. Pop., lower values indicate
fairer exposure; for the remaining metrics, higher values are better.

Metric w/o PBC FDDP-RN 95% CI
(FDDP-RN) p-Value

Catalog Coverage@10 26.1 ± 0.3 27.4 ± 0.2 [27.15, 27.65] 0.018
Cold-start Coverage@10 5.7 ± 0.1 6.6 ± 0.1 [6.48, 6.72] 0.011
Long-tail Exposure Rate@10 15.3 ± 0.2 18.1 ± 0.3 [17.73, 18.47] 0.006
Exposure Gini@10 0.991 ± 0.001 0.987 ± 0.001 [0.986, 0.988] 0.024
Avg. Pop.@10 88.1 ± 1.4 79.4 ± 1.1 [78.03, 80.77] 0.009
Cold Recall@10 47.3 ± 0.4 49.8 ± 0.3 [49.43, 50.17] 0.013

6.6. Case Study

In this section, to further verify the effectiveness of popularity bias correction in FDDP-
RN, we selected a representative user whose historical click records include two cold-start
news articles. Table 12 details the user’s historical click sequence and the click counts for the
corresponding news articles. The user’s click records show that their interests are mainly
concentrated in sports (such as N53024, N52897, and the cold-start news N48993). In the
uncorrected model, popular news articles often have a larger original vector magnitude in
the embedding space due to their large interaction volume. However, the click count of
cold-start news articles such as N48993 is only 5. Although it is highly correlated with the
user’s sports interests, in the traditional model, its contribution to the attention aggregation
process is easily ignored because its magnitude is much smaller than that of popular
news articles.

Figure 8 illustrates the changes in the distribution of attention weights αnu
i

for the eight
news articles in the user’s historical sequence before and after applying the popularity bias
correction factor ζcold. Specifically, although the frequency-domain encoder of FDDP-RN
can identify the semantic relevance between popular sports news N53024 and N52897
and assign them higher weights, irrelevant popular news N41089 still occupies a large
share of attention due to its large magnitude, constituting significant popularity noise.
Meanwhile, the cold-start news N48993, which truly aligns with the user’s core preferences,
is marginalized due to its extremely small initial magnitude, and its semantic value is
severely obscured. After introducing the popularity bias correction factor ζcold, the weight
distribution undergoes a highly semantically oriented reconstruction. The weight of cold-
start news N48993 increases significantly, reaching the same order of magnitude as that
of popular sports news N52897. This indicates that magnitude calibration successfully
eliminates unfair competition between hot and cold samples, enabling the model to allocate
attention fairly based on semantic matching. With the restoration of semantic signals, the
inflated weight of irrelevant trending news item N41089 is effectively reduced. Notably,

https://doi.org/10.3390/info17080747

https://doi.org/10.3390/info17080747


Information 2026, 17, 747 26 of 29

the corrected distribution does not result in a filter bubble of a single category. The weights
of secondary interest categories (such as entertainment N52116 and music N36590), which
were previously suppressed by trending topics (like N41089), show a slight rebound. In
conclusion, FDDP-RN, through the synergistic effect of frequency-domain denoising and
magnitude calibration, not only accurately identifies users’ core interests but also effectively
preserves the ability to perceive long-tail and secondary interests, achieving an excellent
balance between accuracy, fairness, and diversity in recommendations.

Table 12. Historically clicked news of the case-study user. All eight rows are clicked items from the
user’s training history. (⃝: cold-start news;△: popular news).

News ID Title Category η
Cold-Start

News?

N53024 AP Top 25: LSU jumps to No. 2,
upset drops Georgia to No. 10 Sports 258 △

N48993 Watch: FOX butchers Gerardo Parra
’Baby Shark’ song Sports 5 ⃝

N7448 Every 2019 Mid-Size Pickup Truck
Ranked Autos 9 ⃝

N52897
Jeremy Pruitt has hilarious quote
about Tennessee’s chances of beating
Alabama

Sports 260 △

N41089
This Man’s Rattlesnake Bite Is a
Warning to Everyone to Take Animal
Bites More Seriously

Lifestyle 1163 △

N3863 These 4 words are the key to
becoming rich News 752 △

N52116
Bachelor Colton Underwood Calls
Out Bachelorette Rachel Lindsay’s
’Hypocrisy over the Last Year’

TV 523 △

N36590
Tim McGraw Proudly Shows Off His
Ripped Physique: ’Best Shape of My
Life’

Music 185 △

cold

cold

Figure 8. Comparison of user attention weights before and after applying popularity bias correction.
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7. Conclusions and Future Work
In this paper, we propose FDDP-RN, a personalized news recommendation model

that combines frequency-domain denoising with embedding-magnitude calibration to ad-
dress semantic redundancy and cold-start unfairness. First, FFT-based frequency-domain
denoising is introduced into the news encoder to preserve global semantic context while en-
hancing abrupt, high-frequency signals in news titles. Second, the PBC module recalibrates
the magnitudes of historical cold-start news embeddings toward the norm benchmark for
popular news without changing their semantic directions. Experiments on MIND-small,
MIND-large, and Adressa show that FDDP-RN improves ranking accuracy, recommenda-
tion diversity, and cold-start exposure.

Despite these advances, we identify several promising directions for future research:

• Deeper use of pre-trained models: to address the limited semantic depth of static word
vectors, future work will introduce pre-trained language models as the foundation
of the encoder, leverage their contextual modeling capabilities to improve feature
extraction accuracy, and explore efficient parameter fine-tuning techniques to balance
real-time system performance.

• Information diffusion modeling: future research could further integrate news dis-
semination patterns and event-evolution trajectories within social networks, partic-
ularly for breaking news scenarios, and explore how to enhance the timeliness and
foresight of recommendations by modeling the spatiotemporal diffusion patterns of
information flow.

• Multimodal and knowledge extension: future work will attempt to integrate multi-
modal features such as news videos and images, enrich content representation with
large-scale knowledge graphs, and explore the zero-shot reasoning capabilities of
large language models to provide deeper semantic enhancement for news items in
extreme cold-start states.
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