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Abstract
Federated recommendation (FedRec) enables personalized model-
ing without centralizing users’ interaction histories, but most ex-
isting methods assume a fixed item pool and thus overlook the
practical cold-item setting where new items continuously arrive.
Under the dual-sided constraint, where the server cannot access
clients’ interactions while clients cannot access the server’s propri-
etary item attribute features, prior federated cold-start recommen-
dation approaches suffer from three structural limitations: a lack
of personalization, compositionality failure caused by forcing het-
erogeneous semantics into a single embedding space, and training-
and communication-inefficiency arising from explicit alignment be-
tween separate collaborative and attribute representations. To address
these challenges, we propose Personalized and Multi-view Repre-
sentation for Federated Cold-Start Recommendation (PMFRec).
PMFRec learns a personalized representation generator to produce
user-specific item representations from attribute features, and in-
troduces a global multi-view encoder with item-adaptive gating
and an orthogonality objective to capture complementary semantic
views while reducing cross-view redundancy. In addition, PMFRec
fuses collaborative and attribute knowledge into a single exchanged
item representation, eliminating the need for an explicit client-side
regularizer and reducing communication overhead. Extensive ex-
periments on real-world datasets show that PMFRec consistently
outperforms strong baselines in cold-item recommendation and fur-
ther improves user-level fairness, warm-scenario adaptability, and
robustness under Local Differential Privacy (LDP).
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1 Introduction
Recommender systems are increasingly crucial as online platforms
scale in both users and items [13, 14]. At the same time, privacy
regulations (e.g., CCPA [22], GDPR [25]) make centralized train-
ing—collecting users’ interaction histories on a server—progressively
less feasible. To address these limitations, Federated Learning (FL)
[21] has been introduced, and its adaptation to recommender sys-
tems has led to Federated Recommendation (FedRec) [3, 11, 18, 36].
FedRec addresses this by keeping user data on-device and train-
ing models in a distributed manner, enabling personalization with
stronger privacy protection.

Most prior FedRec studies assume a fixed item pool, whereas
real-world services continuously introduce new items, making cold-
item recommendation to existing users a practical necessity. This is
a key instance of the cold-start problem in recommender systems
[16, 35, 37, 38]. Despite its importance, federated cold-item recom-
mendation remains under-explored. Early work [27] formulates the
problem in federated settings, but it neither addresses the practically
common case of zero-interaction new items nor exploits item at-
tribute features that are crucial for cold-start [16, 35, 37, 38]. More
recently, [34] targets zero-interaction cold items and introduces the
dual-sided constraint between the server (holding attribute features)
and clients (holding interactions). It learns a single global attribute-
feature-to-embedding mapping from aggregated client signals, en-
abling the server to generate representations for zero-interaction
new items from their attribute features. While effective, this sin-
gle global attribute-feature-to-embedding mapping paradigm faces
three structural limitations in federated cold-start recommendation.
First, it suffers from a lack of personalization. Second, it encounters
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Table 1: Toy example illustrating paper recommendation: each
item corresponds to a paper, and the category indicates its re-
search area.

Category Drug ML Graph Chemistry Recommendation

Item A ✓ ✓ ✓
Item B ✓ ✓
Item C ✓ ✓ ✓

compositionality failure. Third, it is training- and communication-
inefficient.

First, the lack of personalization arises from two compounding
factors: (i) prior methods rely on a unified server-side mapping
that generates item representations in a user-agnostic manner, and
(ii) under the dual-sided constraint, clients cannot access raw item
attribute features, which fundamentally prevents them from learning
personalized attribute-to-embedding mappings locally. As a result,
cold-item representations are produced by a shared global function
that captures average patterns across users rather than individualized
preference structures. This limitation becomes particularly severe
in cold-item scenarios, where no interaction history is available and
representations must therefore be generated solely from attribute
features.

To illustrate, consider the toy example in Table 1, where each
item corresponds to a newly introduced paper and each attribute
dimension indicates a research category. Suppose item 𝐴 is related
to Drug, ML, and Graph, item 𝐵 is related to Drug and Chemistry,
and item 𝐶 is related to ML, Graph, and Recommendation. Now
consider two users with different interests: one user mainly prefers
drug-related studies, whereas another is more interested in machine
learning or graph-oriented papers. Under an ideal personalized gen-
erator, the first user should regard item 𝐴 as being closer to item 𝐵,
while the second user should regard item 𝐴 as being closer to item
𝐶. However, existing personalization-agnostic approaches cannot
express such user-specific differences. Because they rely on a single
shared mapping, the same attribute configuration is translated into
essentially the same cold-item representation for all users, thereby
diluting the individual preference signals that are most crucial for
personalized recommendation.

Second, this paradigm encounters a compositionality failure. Be-
cause clients cannot directly access item attribute features under the
dual-sided constraint, cold-item recommendation must inevitably
rely on the server-side attribute encoder. However, existing methods
typically restrict this encoder to a single global mapping function,
forcing all heterogeneous attribute signals to be embedded into one
shared latent space. This imposes a uniform interpretation of at-
tributes across all items, even though different items may depend on
different semantic facets.

The toy example again highlights this issue. From a drug-oriented
perspective, item 𝐴 may be more similar to item 𝐵 than to item
𝐶, since 𝐴 and 𝐵 both involve drug-related categories. In contrast,
from an ML/graph-oriented perspective, item𝐴 may be more similar
to item 𝐶, since 𝐴 and 𝐶 share methodological categories such
as ML and Graph. Formally, this implies that it is possible to have
Sim(𝐴, 𝐵) > Sim(𝐴,𝐶) under one semantic view, while Sim(𝐴, 𝐵) <

Personalization

Ours

Existing Method

⋮

Server

Server

Attribute Feature

: Cold Item Representation : Warm Item Embedding
: Local Model: Cold-Scenario : Warm-Scenario

Fu
si

on

Single-View

Multi-View

Same for all clients

Figure 1: Comparison between existing methods and PMFRec.
Prior federated cold-start approaches rely on a global single
encoder, resulting in identical representations. In contrast, PM-
FRec introduces a personalized and multi-view encoding to gen-
erate user-specific representations for same cold items.

Sim(𝐴,𝐶) under another. A single encoder cannot faithfully preserve
these conflicting neighborhood structures, because it is forced to
collapse all semantic criteria into one representation space with
one uniform notion of similarity. As a consequence, heterogeneous
semantics become entangled, item-to-item relations are distorted,
and the quality of cold-item recommendation degrades.

Importantly, this issue cannot be resolved merely by introducing
multiple view-specific encoders and naïvely averaging their outputs.
Such averaging would again produce a uniform mixture of all seman-
tic aspects, ignoring the fact that different items should emphasize
different views. In the toy example, item 𝐵 should place more weight
on the drug/chemistry view, whereas item 𝐶 should place more
weight on the ML/graph/recommendation view. Therefore, what is
needed is not only view disentanglement, but also an item-adaptive
composition mechanism that can selectively emphasize the most
relevant semantic views for each item.

Third, existing dual-sided approaches are training- and communication-
inefficient because they keep collaborative knowledge and attribute
knowledge as separate representations and couple them only through
an explicit alignment regularizer. As a result, clients must repeatedly
receive both the warm-item embedding matrix and the attribute-
feature-based item representation matrix during training. In large-
scale recommendation settings with massive item pools, this dual-
representation design imposes substantial communication and device-
side memory overhead. Moreover, because the local objective must
simultaneously optimize recommendation and cross-representation
alignment, optimization becomes unnecessarily complicated. There-
fore, a more desirable solution is to integrate collaborative and
attribute knowledge into a single exchanged item representation and
train it without requiring an explicit client-side regularizer.

To address these challenges, we propose Personalized and Multi-
view Representation for Federated Cold-Start Recommendation
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(PMFRec). (Figure 1 compares PMFRec with existing methods.)
First, to tackle the lack of personalization, we introduce an additional
personalized encoder on the server under the dual-sided constraint.
As a result, each user can generate distinct cold-item representations
that reflect their own preferences. Second, to mitigate compositional-
ity failure, PMFRec models heterogeneous attribute semantics with
view-specific projectors and an item-wise gating mechanism, and
further encourages view diversity via an orthogonality (disentangle-
ment) objective.

To address these challenges, we propose Personalized and Multi-
view Representation for Federated Cold-Start Recommendation
(PMFRec) (Figure 1). First, to tackle the lack of personalization,
we introduce a personalized representation generator on the server
under the dual-sided constraint, enabling user-specific cold-item rep-
resentations. Second, to mitigate compositionality failure, PMFRec
models heterogeneous attribute semantics through view-specific pro-
jectors and an item-adaptive gating mechanism, while encouraging
view diversity via an orthogonality objective. Third, to avoid the
inefficiency of dual-representation alignment, PMFRec fuses col-
laborative and attribute knowledge into a single exchanged item
representation, eliminating the need for an explicit client-side regu-
larizer.

Our contributions are summarized as follows:
• We are the first to systematically introduce personalization

into federated cold-start recommendation under dual-sided
constraint.
• We address the compositionality failure arising in global

knowledge formation through a multi-view encoder, an item-
adaptive gating mechanism, and an orthogonality objective.
• We introduce a regularizer-free training scheme that inte-

grates collaborative and attribute knowledge into a single
exchanged item representation, thereby reducing communi-
cation overhead and avoiding explicit client-side alignment
regularization.
• We validate the effectiveness of our method through extensive

experiments on real-world datasets.

2 Related Works
2.1 Federated Recommendation
Federated recommendation (FedRec) enables collaborative model
training without centralizing clients’ raw interaction data, exchang-
ing only model parameters or updates. Early work applies federated
learning to recommendation [3, 6], and subsequent studies extend Fe-
dRec to neural recommenders [24]. Personalization is then explored
by [32], which improves user-specific modeling under federated
constraints. Other lines of research incorporate additional structures
such as graphs [31, 33] or dual knowledge/representation learn-
ing [18, 19], or mitigate information loss from direct aggregation
through alternative knowledge sharing mechanisms [11, 36]. Despite
these advances, most FedRec methods assume a fixed item pool and
do not explicitly address new items.

2.2 Cold-Start Recommendation
Centralized Cold-Start Recommendation. Cold-start recommen-
dation aims to recommend new items with insufficient or no interac-
tion history [4, 5, 7, 16, 30, 37, 38]. Existing approaches typically

fall into three categories: CF methods leveraging historical interac-
tions [30, 37], content-based methods using item-side attributes [26],
and hybrid models that integrate both interaction and content signals
[4, 5, 7, 16, 38]. However, these centralized approaches assume that
user interactions are collected at a server, raising privacy concerns
and motivating FL solutions.
Federated Cold-Start Recommendation. Most FedRec studies as-
sume a fixed item pool, whereas real services continuously introduce
new items, motivating federated cold-start recommendation. [27]
first points out cold-start issues in federated settings, but allows cold
items to have interactions and does not leverage item attributes. [34]
instead considers a more realistic setting with zero-interaction cold
items that must be recommended purely from attribute features under
the dual-sided constraint, while [17] studies cold users who do not
join warm training. Although [20] considers continual arrival of both
new users and new items, it focuses on continual learning without
attribute-based modeling for cold-start recommendation. However,
personalization for interaction-free cold items under the dual-sided
constraint remains underexplored. We fill this gap by enabling per-
sonalized representations for zero-interaction cold items in federated
recommendation.

3 Preliminaries
3.1 Problem Formulation
Let U denote the set of users, and partition the item set I into
warm items I𝑊 and cold items I𝐶 . Each item 𝑖 is associated with
a 𝑑𝑓 -dimensional attribute feature vector 𝑋𝑖 . We collect the server-
side attribute features of warm and cold items into matrices 𝑋𝑊 ∈
R | I

𝑊 |×𝑑𝑓 and 𝑋𝐶 ∈ R | I𝐶 |×𝑑𝑓 , respectively.
Client-side model. Each user 𝑢 ∈ U is treated as a client and main-
tains private parametersW𝑢 = {𝑒𝑢 ,Θ𝑢 }, including a user embed-
ding 𝑒𝑢 ∈ R𝑑 and parameters Θ𝑢 of a personalized scoring function
F𝑢 (·;Θ𝑢 ). User 𝑢 also maintains a private warm-item embedding
matrix 𝑄𝑢 ∈ R | I

𝑊 |×𝑑 , where 𝑑 is the embedding dimension.
Server-side attribute-feature-based item representations. Unlike
prior FedRec methods that store a global item embedding matrix
at the server, our server does not maintain global item embeddings.
Instead, at each training round, the server produces item represen-
tations from 𝑋𝑊 and shares them to support client training. For
cold-item inference, the server similarly generates representations
for cold items from 𝑋𝐶 .
Federated training objective. At each round 𝑡 , the server samples a
subset of usersU𝑡 ⊆ U to participate in training. Given the learned
client-side parameters and the server-generated attribute-feature-
based representations, our goal is to predict personalized preferences
over cold items with no interaction records that are described only
by their attribute features available only at the server.

3.2 Dual-Sided Constraints
Federated cold-start recommendation is constrained by privacy re-
quirements on both the client and the server sides [34].
Client privacy. To preserve user privacy, the server cannot access
clients’ interaction histories nor private user parameters, includ-
ing user embeddings and personalized scoring functions. Follow-
ing FedRec-style protocols, the server is restricted from observing
{𝑒𝑢 ,Θ𝑢 } and the local interaction logs of any client 𝑢.
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Server confidentiality. From the server’s perspective, fine-grained
item attribute features are valuable commercial assets. Thus, the
server does not share item attribute features with clients. Conse-
quently, clients do not have access to 𝑋𝑊 or 𝑋𝐶 , and they should not
be able to infer item attribute features from exchanged messages.

4 Methodology
In this section, we present PMFRec, a framework that enables person-
alization and multi-view mapping for federated cold-start recommen-
dation under dual-sided constraints. We first describe the regularizer-
free warm training process, where collaborative knowledge is fused
into server-provided attribute-feature-based representations with-
out requiring client-side alignment regularization (Section 4.1). We
further show how the server aggregates client-updated item embed-
dings without storing all item embedding matrices from participating
clients, enabling storage-efficient knowledge aggregation. We then
explain how the server uses the aggregated collaborative knowledge
to learn (1) a personalized representation generator for each user and
(2) a global multi-view encoder (Section 4.2). Finally, we present the
cold inference phase, where the server generates personalized and
multi-view cold-item representations and clients perform inference
(Section 4.3).

4.1 Warm Training Phase: Client-side
On the client side, each client learns its private parameters and warm-
item embeddings from local interaction data. Our training design al-
lows collaborative signals to be absorbed into attribute-feature-based
initial representations through standard recommendation training,
without introducing an explicit client-side regularizer. This also im-
proves communication efficiency by requiring the exchange of only
a single item representation matrix per round.

4.1.1 Client-side Regularizer-free Training. At the begin-
ning of each communication round, the server sends each participat-
ing client 𝑢 a warm item representation matrix 𝑍𝑢 ∈ R |𝐼

𝑊 |×𝑑 . The
client then initializes its warm-item embedding matrix 𝑄𝑢 with 𝑍𝑢 .
Importantly, in our framework, 𝑍𝑢 may differ across clients, and
it is computed from warm-item attribute features at the server (the
construction of 𝑍𝑢 is described in Section 4.2.4).
Local objective. Client 𝑢 optimizes a standard implicit-feedback
objective (Binary Cross Entropy) over warm items

L𝑢 = −
∑︁

𝑖∈D (𝑊,+)
𝑢

𝑦𝑢𝑖 log𝑦𝑢𝑖 −
∑︁

𝑖∈D (𝑊,−)
𝑢

(1 − 𝑦𝑢𝑖 ) log(1 − 𝑦𝑢𝑖 ), (1)

where D (𝑊,+)
𝑢 ⊆ I𝑊 is the set of warm items interacted with by

user 𝑢, and D (𝑊,−)
𝑢 is a negative set sampled from I𝑊 \ D (𝑊,+)

𝑢 .
The predicted score 𝑦𝑢𝑖 on item 𝑖 is computed by the personalized
scoring function

𝑦𝑢𝑖 = F𝑢 (𝑄𝑢𝑖 , 𝑒𝑢 ;Θ𝑢 ) (2)

where we implement F𝑢 (·;Θ𝑢 ) as a two-layer MLP that takes the
concatenation of 𝑄𝑢𝑖 and 𝑒𝑢 as input. Under dual-sided constraints,
the client does not observe 𝑋𝑊 or the server’s attribute-feature-to-
embedding mapping. Conceptually, 𝑍𝑢 is generated from attribute
features via an unknown server function R(·) (i.e., 𝑍𝑢 = R(𝑋𝑊 )),
but the client only receives 𝑍𝑢 as an initialization. Unlike prior
methods that transmit two separate representations, our framework

exchanges only a single type of item embedding at each communi-
cation round. This design is motivated by communication efficiency:
sending two different item embeddings in every round incurs sub-
stantial overhead. In contrast, we show that exchanging only one
embedding type is sufficient to achieve effective learning, while
significantly reducing communication cost.
Local Optimization. The client then performs local optimization by
gradient descent

𝑄𝑢 ← 𝑄𝑢 − 𝜂𝑄∇𝑄𝑢L𝑢 , W𝑢 ←W𝑢 − 𝜂W∇W𝑢
L𝑢 . (3)

Since local recommendation training is performed on top of attribute-
feature-based initialization, collaborative knowledge is progressively
absorbed into the initialized representation through optimization
dynamics. In this way, PMFRec achieves collaborative-attribute
fusion without requiring an alignment regularizer on the client side.

4.2 Warm Training Phase: Server-side
On the server side, PMFRec uses client-updated warm-item embed-
dings to learn both user-specific and global attribute-based knowl-
edge. Specifically, the server first performs storage-efficient aggrega-
tion to obtain global collaborative knowledge, while also construct-
ing a personalized representation generator for each client from
its uploaded warm-item embeddings. The aggregated collaborative
knowledge is then used to train the global multi-view encoder. To-
gether with the personalized representation generator constructed for
each client, the global multi-view encoder produces client-specific
item representations for subsequent training and cold-item inference.

4.2.1 Incremental Global Aggregation. After receiving the
updated warm-item embedding matrix 𝑄𝑢 from client 𝑢, the server
incrementally aggregates the uploaded embeddings into a global
warm-item embedding matrix. Specifically, at the beginning of each
communication round 𝑡 , the server initializes 𝑄𝑔 to zero and updates
it as each participating client’s upload arrives:

𝑄𝑔 ← 𝑄𝑔 +
1
|U𝑡 |𝑄𝑢 . (4)

After all participating clients inU𝑡 have been processed, this yields

𝑄𝑔 =
1
|U𝑡 |

∑︁
𝑢∈U𝑡

𝑄𝑢 . (5)

This streaming aggregation avoids retaining all uploaded client
embeddings in server memory. This is important in large-scale fed-
erated recommendation systems because clients may return their
updates at different times due to heterogeneous local computation
speeds, device conditions, and network environments. Therefore,
instead of storing all 𝑄𝑢 matrices until every client update arrives,
the server sequentially accumulates each received 𝑄𝑢 into 𝑄𝑔. The
resulting 𝑄𝑔 captures the shared collaborative filtering knowledge
of the participating clients in round 𝑡 and is then used as the global
target for learning the multi-view encoder (Section 4.2.3).

4.2.2 Personalized Representation Generator. In addition
to the global aggregation in Eq. (4), the server uses each uploaded
𝑄𝑢 to construct a user-specific personalized representation generator
ℎ𝑢 (·) : R𝑑𝑓 → R𝑑 . Since cold items have no interaction records and
are available only through server-side attribute features, cold-item
recommendation requires an attribute-to-representation mapping.
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Figure 2: The overall framework of PMFRec.

However, even for the same item attribute features, different users
may emphasize different aspects according to their warm-interaction
patterns. PMFRec therefore fits ℎ𝑢 (·) to map warm-item attributes
𝑋𝑊 to the client-updated embedding matrix 𝑄𝑢 , which contains
user-specific collaborative filtering knowledge learned from user 𝑢’s
warm interactions. Once learned, ℎ𝑢 (·) can be applied to cold-item
attributes 𝑋𝐶 , enabling zero-interaction cold items to be interpreted
from user-specific perspectives.

We implement ℎ𝑢 (·) as a lightweight linear mapping followed by
a non-linear activation:

ℎ𝑢 (𝑋 ) = 𝜎 (𝑋𝑊𝑢 ), (6)

where 𝑋 ∈ {𝑋𝑊 , 𝑋𝐶 } denotes the warm- or cold-item attribute
feature matrix, 𝜎 (·) is a non-linear activation function, and𝑊𝑢 ∈
R𝑑𝑓 ×𝑑 is the user-specific mapping parameter. A straightforward
way to fit ℎ𝑢 (·) is to minimize the following objective:

L𝑃 = ∥ℎ𝑢 (𝑋𝑊 ) −𝑄𝑢 ∥2𝐹 + 𝜆∥𝑊𝑢 ∥2𝐹 . (7)

However, directly optimizing Eq. (7) for every participating client
would require maintaining a separate optimizer and performing itera-
tive server-side updates for each user, which may become inefficient
in large-scale systems. Therefore, we reformulate the objective into
a ridge-regression form by applying the inverse activation to 𝑄𝑢 :

L𝑃 = ∥𝑋𝑊𝑊𝑢 − 𝜎−1 (𝑄𝑢 )∥2𝐹 + 𝜆∥𝑊𝑢 ∥2𝐹 . (8)

Then, Eq. (8) has the following closed-form solution:

𝑊𝑢 =

(
(𝑋𝑊 )⊤𝑋𝑊 + 𝜆𝐼

)−1
(𝑋𝑊 )⊤𝜎−1 (𝑄𝑢 ). (9)

This closed-form formulation avoids iterative optimization for each
personalized encoder. Moreover, the factor preceding 𝜎−1 (𝑄𝑢 ) in
Eq. (9) depends only on 𝑋𝑊 and can therefore be precomputed once
at the server. As a result, when a client uploads 𝑄𝑢 , the server can
efficiently obtain𝑊𝑢 by applying the inverse activation to 𝑄𝑢 and
multiplying it by the precomputed factor.

Deployment Modes for Scalability. Maintaining a personalized
representation generator for every user can introduce additional
server-side storage overhead when the number of users is very large.
To address this issue, PMFRec supports two deployment modes.
Server-retained mode. In this mode, the server stores the personal-
ized mapping parameter𝑊𝑢 for each user after fitting Eq. (9). When
user 𝑢 participates in a later communication round or requests cold-
item recommendation, the server reuses the stored𝑊𝑢 to generate
personalized warm- or cold-item representations.
Storage-efficient offloaded mode. When server-side storage is lim-
ited, the server does not persistently store𝑊𝑢 . After using the up-
loaded 𝑄𝑢 for incremental aggregation and personalized representa-
tion generator construction, the server sends the resulting𝑊𝑢 back to
client 𝑢 and discards both𝑄𝑢 and𝑊𝑢 from server memory. When the
same client participates in a future training round or requests cold-
item inference, the client sends its stored𝑊𝑢 to the server, which
uses it temporarily to generate ℎ𝑢 (𝑋𝑊 ) or ℎ𝑢 (𝑋𝐶 ).

These two deployment modes provide a trade-off between server-
side storage and communication cost.
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Privacy and Dual-sided Constraint. The server does not observe
the user’s private parameters, such as the user embedding 𝑒𝑢 and
the personalized scoring function F𝑢 (·;Θ𝑢 ). Therefore, possessing
ℎ𝑢 (·) alone does not allow the server to reconstruct the user’s exact
preference function. Meanwhile, in the storage-efficient offloaded
mode, the client receives𝑊𝑢 , which is estimated from the server-
side attribute matrix 𝑋𝑊 . Thus, the offloaded parameter should not
provide a direct way to recover the server-side item attributes.

Our inverse pre-activation formulation provides an additional
safeguard in this respect. Specifically, PMFRec estimates𝑊𝑢 through
the ridge-regularized objective in Eq. (8) with 𝜆 > 0. Because𝑊𝑢

is obtained through this regularized pre-activation mapping, it is
generally not an exact interpolation operator satisfying 𝑋𝑊𝑊𝑢 =

𝜎−1 (𝑄𝑢 ). Hence, the simple algebraic inversion that could arise
from an exact unregularized mapping is not directly applicable. This
provides a practical safeguard against direct linear inversion while
enabling the server to offload𝑊𝑢 for better scalability.

4.2.3 Multi-view Encoder. Personalized knowledge alone can
be unstable or insufficient, so we also learn a global multi-view en-
coder that provides a global perspective. Existing federated approach
relies on a single attribute-feature-to-embedding mapping, which
can suffer from compositionality failures when heterogeneous se-
mantics are forced into one space. We therefore decompose attribute
knowledge into 𝐾 views.

Let T𝑘 (·) be the 𝑘-th view encoder that maps an item feature
vector to the embedding space, T𝑘 : R𝑑𝑓 → R𝑑 (implemented as
a one-layer MLP). We define the global multi-view representation
generator 𝐹𝑀 (·) as

𝐹𝑀 (𝑋𝑊𝑖 ) =
𝐾∑︁
𝑘=1

𝑠𝑖𝑘 T𝑘 (𝑋𝑊𝑖 ), (10)

where 𝑠𝑖𝑘 is the view weight for item 𝑖, computed by

𝑠𝑖𝑘 =
exp

(
𝑔𝑠 (𝑋𝑊𝑖 )𝑘

)∑𝐾
𝑘′=1 exp

(
𝑔𝑠 (𝑋𝑊𝑖 )𝑘′

) . (11)

Here, 𝑔𝑠 (·) denotes the gating network for routing

𝑔𝑠 (𝑋𝑊𝑖 ) = 𝑋𝑊𝑖 𝑊𝑠 + 𝑏𝑠 ∈ R𝐾 , (12)

where 𝑊𝑠 ∈ R𝑑𝑓 ×𝐾 and 𝑏𝑠 ∈ R𝐾 . Each T𝑘 (·) serves as a view-
specific projector that interprets the same attribute feature from a
different semantic perspective and maps it into a embedding space.
Consequently, a single attribute feature can yield multiple view-
dependent representations, which are then combined by the gating
weights {𝑠𝑖𝑘 }𝐾𝑘=1 to form the multi-view representation.
Global Attribute-CF Matching. Since client uploads arrive sequen-
tially, the server incrementally accumulates the warm-item embed-
dings received from the participating users in round 𝑡 . After all users
inU𝑡 have uploaded their updated item embeddings, the resulting
matrix forms the global warm-item embedding matrix:

𝑄𝑔 =
1
|U𝑡 |

∑︁
𝑢∈U𝑡

𝑄𝑢 . (13)

This aggregated 𝑄𝑔 can be viewed as capturing the shared collabo-
rative filtering knowledge across the participating users. The server

then aligns the multi-view attribute mapping to this global CF knowl-
edge by minimizing

L𝑀 =


𝐹𝑀 (𝑋𝑊 ) −𝑄𝑔

2

𝐹
. (14)

Orthogonality. Simply using multiple views does not guarantee that
the view subspaces capture non-redundant information. To reduce
redundancy, we define view-level knowledge vectors

𝐽𝑘 =
1
|I𝑊 |

∑︁
𝑖∈I𝑊

T𝑘 (𝑋𝑊𝑖 ), (15)

and construct 𝐴 = [𝐽1, . . . , 𝐽𝐾 ] ∈ R𝑑×𝐾 with 𝐽𝑘 = 𝐽𝑘/∥ 𝐽𝑘 ∥𝐹 . We
define the orthogonality loss as

Lortho =
1

𝐾 (𝐾 − 1)


𝐴⊤𝐴 − 𝐼

2

𝐹
=

1
𝐾 (𝐾 − 1)

∑︁
1≤𝑛,𝑚≤𝐾
𝑛≠𝑚

(
𝐽⊤𝑛 𝐽𝑚

∥ 𝐽𝑛 ∥𝐹 ∥ 𝐽𝑚 ∥𝐹

)2
.

(16)
Minimizing Lortho encourages the view to be orthogonal on average,
thereby reducing redundancy among the knowledge captured by dif-
ferent views. This makes the multi-view decomposition meaningful,
as each view is pushed to encode distinct information.
Load Balancing. To prevent view collapse (over-selecting a subset
of views), we further apply load balancing. Let

Llb = −
𝐾∑︁
𝑘=1

𝑆𝑘 log(𝑆𝑘 + 𝜉), 𝑆𝑘 =
1
|I𝑊 |

∑︁
𝑖∈I𝑊

𝑠𝑖𝑘 , (17)

where 𝜉 > 0 is a small constant. Here, 𝑆𝑘 is the average routing
weight assigned to the 𝑘-th view over all warm items. By optimizing
Llb, the gate encourages balanced view usage in aggregate.
Final Server-side Objective. The server optimizes the multi-view
encoder and gating network by minimizing

L = L𝑀 + 𝜆orthoLortho − 𝜆lbLlb . (18)

4.2.4 Parameter Deployment in the Warm Training Phase.
We now describe how the server constructs the client-specific ini-
tialization 𝑍𝑢 used in Section 4.1.1. At the start of round 𝑡 (> 1), the
server generates a personalized and multi-view warm-item represen-
tation:

𝑍𝑢 =
1
2

(
ℎ𝑢 (𝑋𝑊 ) + 𝐹𝑀 (𝑋𝑊 )

)
. (19)

The server sends 𝑍𝑢 to client 𝑢 and, for memory efficiency, dis-
cards temporary variables such as {𝑍𝑢 , 𝑃𝑢 } after transmission. This
deployment ensures that the client learns CF knowledge from a rep-
resentation that already fuses attribute-based (global) knowledge and
user-specific (personalized) knowledge, without requiring the client
to optimize an explicit regularization term.

4.3 Cold Inference Phase
In the cold phase, we generate cold-item representations using the
mappings learned in the warm training phase and then perform
inference for each user. Unlike prior work that forces all users to
share the same cold-item view, our approach uses a user-specific
encoder, allowing different users to interpret cold items through
personalized perspectives.

Given a client 𝑢 who requests recommendations, the server con-
structs a user-specific and multi-view cold-item representation by

𝑍𝐶𝑢 =
1
2

(
ℎ𝑢 (𝑋𝐶 ) + 𝐹𝑀 (𝑋𝐶 )

)
. (20)
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The server delivers 𝑍𝐶𝑢 to client 𝑢, enabling user-specific cold-start
inference. For a cold item 𝑖 ∈ I𝐶 , the predicted preference is com-
puted as 𝑦𝐶𝑢𝑖 = F𝑢 (𝑍𝐶𝑢𝑖 , 𝑒𝑢 |Θ𝑢 ).

4.4 Additional Privacy Preservation
Most FedRec methods perform local training with negative sampling
[15, 18, 32–34, 36], so a single round of updates does not determin-
istically reveal a client’s positive items. However, across rounds,
consistent per-item update patterns may still leak likely positives as
negatives change over time. Accordingly, when stricter privacy is
required, we can incorporate (𝜀, 𝛿)-LDP (Local Differential Privacy)
on the client-released item-gradient matrix to mitigate both index
leakage and update-pattern leakage [1]. Notably, many existing Fe-
dRec approaches apply noise within a fixed absolute range without
considering the magnitude of gradients or individual item embed-
dings. This oversight potentially allows an adversary to identify
trained items by monitoring update variations in practical scenarios.
To mitigate such risks and support enhanced privacy-preservation
scenarios, we integrate the following mechanism.

Local Differential Privacy. A randomized mechanismM satisfies
(𝜀, 𝛿)-LDP if for any two inputs 𝜓,𝜓 ′ and any measurable set H ,
Pr[M(𝜓 ) ∈ H] ≤ 𝑒𝜀 Pr[M(𝜓 ′) ∈ H] + 𝛿, where 𝜀 is the privacy
budget and 𝛿 is the allowable failure probability.

To enforce (𝜀, 𝛿)-LDP on client updates, each local step privatizes
the item-embedding gradient 𝐺 = ∇𝑄𝑢L𝑢 ∈ R | I

𝑊 |×𝑑 by clipping
and adding Gaussian noise:

𝐺̃ = clip𝐶 (𝐺) + 𝑍, (21)

where clip𝐶 (𝐺) ≜ min(1, 𝐶
∥𝐺 ∥𝐹 )𝐺 and 𝑍 ∈ R | I

𝑊 |×𝑑 is sampled
such that vec(𝑍 ) ∼ N(0, 𝜎2𝐶2𝐼 | I𝑊 |𝑑 ). Here, vec(·) stacks matrix
columns into a vector and 𝐼𝑚 denotes 𝑚 ×𝑚 identity matrix. The
client then updates the item embeddings as

𝑄new
𝑢 ← 𝑄𝑢 − 𝜂 𝐺̃ . (22)

Since the server only observes the communicated change Δ𝑄𝑢 =

−𝜂𝐺̃ , the per-round embedding update is privatized. We use the
standard Gaussian calibration to set 𝜎 for the given (𝜀, 𝛿). A proof
that this mechanism satisfies (𝜀, 𝛿)-LDP is provided in Appendix A.

5 Experiments
In this section, we evaluate PMFRec through the following research
questions (RQs): RQ1. whether PMFRec outperforms prior methods;
RQ2. how each component contributes to performance (ablation);
RQ3. whether personalization mitigates preference dilution and im-
proves user-level outcomes; RQ4. whether the multi-view design
learns diverse and well-utilized views; RQ5. whether our personal-
ized and multi-view representations can be integrated into existing
baselines and support warm-item training; and RQ6. how PMFRec
converges and how sensitive it is to hyperparameters; RQ7. how
PMFRec behaves under LDP.

5.1 Experimental Setup
5.1.1 Datasets. We evaluate PMFRec on two widely used real-
world cold-start recommendation datasets, CiteULike [28] and

Dataset Split #Users #Items #Interactions Sparsity

CiteULike
Train 5,551 13,584 164,210 99.78%
Val 5,551 1,018 13,037 –
Test 5,551 2,378 27,739 –

XING-5000
Train 5,000 11,290 120,944 99.79%
Val 5,000 1,869 21,713 –
Test 5,000 5,648 58,609 –

XING-10000
Train 10,000 12,144 241,595 99.80%
Val 10,000 2,018 43,904 –
Test 10,000 6,068 117,797 –

XING-20000
Train 20,000 12,306 485,199 99.80%
Val 20,000 2,051 88,330 –
Test 20,000 6,154 236,361 –

Table 2: Statistics of the four cold-start recommendation datasets.
Sparsity is reported for the training split.

XING [2], both of which provide rich item-side attribute informa-
tion; detailed statistics are summarized in Table 2. CiteULike is
an online article recommendation dataset. Each article is associated
with a title and abstract, which are used as item-side information. Fol-
lowing [34, 38], we extract 8,000-dimensional TF–IDF features and
apply SVD to obtain 300-dimensional attribute features. For evalua-
tion, items are split into warm and cold sets at an 80/20 ratio, and
the cold items are further divided into validation and test sets with
a 30/70 ratio. XING, from the ACM RecSys 2017 Challenge, with
each item represented by 2,738-dimensional attribute features. Fol-
lowing [34], we construct three user-sampled subsets, XING-5000,
XING-10000, and XING-20000 and adopt the same warm/cold split
protocol as in [34, 38]. Specifically, items are divided into warm,
validation, and test sets with a 6:1:3 ratio.

5.1.2 Baselines. We summarize the baselines as follows:

• FedMVMF [10]: A federated MF model that combines inter-
actions with item attribute features. Clients keep user-specific
factors locally, while the server updates shared components.
• FedWDR [8]: A federated Wide & Deep Recommendation

model. Clients train locally, and the server synchronizes
shared wide/deep parameters.
• FedNCF_CS [24]: A cold-start variant of FedNCF where

item embeddings are replaced by a one-layer MLP that maps
attribute features to item representations.
• PFedRec_CS [32]: A cold-start variant of PFedRec where

item embeddings are replaced by a one-layer attribute-feature-
to-representation MLP.
• FedVBPR [12]: A federated adaptation of VBPR, which

augments CF with content features.
• FedDCN [29]: A federated Deep & Cross Network; clients

train user-specific parts locally, while the server synchronizes
shared embedding and cross-network parameters.
• IFedNCF & IPFedRec [34]: Baselines under the IFedRec

framework with dual-sided constraints. The server encodes
item attribute features into representations and applies an
alignment mechanism for cold-start; instantiations are based
on FedNCF and PFedRec.

5.1.3 Evaluation Metrics. Following [34, 38], we rank cold items
for each user by predicted scores and report top-𝐾 metrics Recall@𝐾 ,
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Precision@𝐾 , NDCG@𝐾 . For each user 𝑢, let𝐺𝑇 (𝑢) be the ground-
truth positives in the test set (cold items) and let TopK(𝑢) be the
top-𝐾 ranked items. We compute

Recall@K =
1
|𝑈 |

∑︁
𝑢∈𝑈

|TopK(𝑢) ∩𝐺𝑇 (𝑢) |
|𝐺𝑇 (𝑢) | , (23)

Precision@K =
1
|𝑈 |

∑︁
𝑢∈𝑈

|TopK(𝑢) ∩𝐺𝑇 (𝑢) |
𝐾

. (24)

We also report NDCG@𝐾 :

DCG@K(𝑢) =
𝐾∑︁
𝑗=1

rel𝑢,𝑗
log2 ( 𝑗 + 1) , (25)

IDCG@K(𝑢) =
min(𝐾, |𝐺𝑇 (𝑢 ) | )∑︁

𝑗=1

1
log2 ( 𝑗 + 1) , (26)

NDCG@K =
1
|𝑈 |

∑︁
𝑢∈𝑈

DCG@K(𝑢)
IDCG@K(𝑢) , (27)

where rel𝑢,𝑗 = 1 if the item at rank 𝑗 is in 𝐺𝑇 (𝑢), and 0 otherwise.

5.1.4 Implementation Details. All training and inference are
conducted in PyTorch [23] with CUDA on an RTX3090 GPU and
an AMD EPYC 7313 CPU. For our method and all baselines, we set
the latent dimension to 64 and fix the batch size to 256. We adopt
negative sampling with a ratio of 5 negatives per positive item for
all experiments. The user sampling ratio per communication round
is 1.0. The number of global communication rounds is set to 300 for
CiteULike and 400 for the XING datasets, while other baselines are
run for 1000 rounds. We set the number of local epochs to 1, and fix
the number of server-side optimization epochs to 1 following [34].
PMFRec. We use the SGD optimizer and tune the learning rate
in {0.05, 0.1, 0.5, 1.0} and server learning rate in {5 × 10−4, 10−3, 5×
10−3, 10−2}. We tune 𝜆lb ∈ {10−4, 10−3, 10−2, 10−1} and 𝜆ortho ∈
{10−4, 10−3, 10−2, 10−1}. The number of views is chosen from {4, 8, 16}
for all datasets.
Baseline Configurations. For FedMVMF, we tune the learning rate
in {0.1, 0.5, 1.0} and the regularization coefficient in {0.1, 0.5, 1.0}.
For FedWDR, we treat the combination layer as private parame-
ters while sharing the remaining parameters across clients; we tune
the learning rate in {0.01, 0.05, 0.1, 0.5, 1.0}. For the deep compo-
nent, we tune the number of layers in {1, 2, 5}. For FedNCF_CS,
we use a 2-layer MLP as the score function and tune the learn-
ing rate in {0.01, 0.05, 0.1, 0.5, 1.0}. The client-side personalized fea-
ture mapping function is implemented as a 1-layer MLP. For PFe-
dRec_CS, we use a 1-layer MLP as the score function and tune
the learning rate in {0.01, 0.05, 0.1, 0.5, 1.0}; the client-side person-
alized feature mapping function is also a 1-layer MLP. For Fed-
VBPR, we tune the learning rate in {0.01, 0.05, 0.1, 0.5, 1.0}. For
FedDCN, we tune the learning rate in {10−4, 5× 10−4, 10−3, 5×
10−3, 10−2, 5× 10−2, 10−1, 0.5, 1.0}, and tune the number of cross
layers in {1, 2, 5} as well as the number of deep layers in {1, 2, 5}.
For FedDCN, we treat only the score function as private parame-
ters and share the remaining parameters. For IFedNCF, we tune
the client learning rate in {0.05, 0.1, 0.5, 1.0} and the regularization
coefficient in {10−4, 10−3, 10−2, 0.1, 0.5, 1.0, 10}. We use a 2-layer
MLP as the score function. We additionally tune the server learn-
ing rate lrserver in {10−3, 5×10−3, 10−2}. For IPFedRec, we tune the

client learning rate in {0.05, 0.1, 0.5, 1.0} and the regularization coef-
ficient in {10−4, 10−3, 10−2, 0.1, 0.5, 1.0, 10}. We use a 1-layer MLP
as the score function, and tune the server learning rate lrserver in
{5 × 10−4, 10−3, 5×10−3, 10−2}.
Implementation with LDP We conduct experiments under (𝜀, 𝛿)-
LDP. We vary the clipping threshold (sensitivity)𝐶 over {10−5, 10−3,

10−2, 10−1, 1}. For IFedNCF and IFedNCF w/ PM, we tune the client-
side regularization weight 𝜆reg in {10−4, 10−3, 10−2, 10−1, 1, 10, 100}.
For model-level comparisons, we evaluate privacy budgets 𝜀 ∈
{4, 8, 10}, and set 𝛿 = 1/|U|1.1 for all experiments. For IFedNCF w/
PM and PMFRec share the same hyperparameter configuration for
the remaining settings (e.g., 𝜂, 𝜂server, 𝐾 , 𝜆lb, and 𝜆ortho).

5.2 Main Results (RQ1)
Table 3 reports the top-𝐾 ranking performance across four datasets.
We compare PMFRec with representative FedRec baselines and
two state-of-the-art methods specifically designed for the dual-sided
constraint setting: IFedNCF and IPFedRec. PMFRec achieves the
best performance on nearly all dataset-metric pairs, demonstrating
statistically significant improvements over the strongest baseline in
most cases (𝑝 ≤ 0.05). The relative gains over the best-performing
baseline reach up to 7.56%, showcasing stable effectiveness across
datasets with diverse scales and sparsity levels.

Notably, the improvements are consistent across Recall, Precision,
and NDCG. This indicates that PMFRec enhances both retrieval qual-
ity and ranking fidelity in the cold-item setting. More importantly,
even though PMFRec operates under strict dual-sided constraints,
it consistently outperforms baselines that can directly exploit item
attribute features, such as FedNCF_CS, PFedRec_CS, FedVBPR,
and FedDCN. This result suggests that direct access to attribute
features alone is insufficient for effective cold-start recommendation
unless the model can also preserve user-specific preference signals.
By jointly modeling personalization and multi-view representations,
PMFRec effectively alleviates the REPRESENTATION AVERAGING

issue inherent in global feature-side mappings and provides more
discriminative cold-item representations. Furthermore, the consis-
tent improvements observed on the larger XING datasets support the
scalability and robustness of our proposed framework in challenging
cold-item recommendation scenarios.

5.3 Ablation Study (RQ2)
In this section, we conduct an ablation study on CiteULike and
XING-5000 to evaluate the contribution of each component in PM-
FRec. The results are summarized in Table 4. We compare the full
model against several variants: w/o 𝑃𝑢 (using only the global com-
ponent 𝑃𝑔), w/ only 𝑃𝑢 (using only the personalized component), w/
single-view (𝐾 = 1), w/o gate (uniform averaging of views), and
versions excluding regularization terms (Lortho, Llb).

The most significant performance degradation occurs when per-
sonalization is entirely removed (w/o 𝑃𝑢 ) or when the model relies
solely on personalized representations (w/ only 𝑃𝑢). The poor per-
formance of w/ only 𝑃𝑢 stems from the inability to leverage col-
laborative knowledge shared across other users via the global item
representation. Conversely, the drop in w/o 𝑃𝑢 validates our core
premise that integrating user-specific preference signals is essential
for effective cold-start recommendation. These results confirm that
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Table 3: Performance comparison across four datasets: the best results are highlighted in bold, specifically used when our model’s
result is larger than the best-performing baseline where 𝐼𝑚𝑝𝑟𝑜𝑣 (%) represents the relative performance improvement over the best-
performing baseline, and ∗ denotes statistical significance (𝑝 ≤ 0.05) for the paired t-test against the best baseline on each metric.

Methods Metrics
CiteULike XING-5000 XING-10000 XING-20000

Recall Precision NDCG Recall Precision NDCG Recall Precision NDCG Recall Precision NDCG

FedMVMF
@5 0.1378 0.1078 0.1721 0.0083 0.0193 0.0181 0.0031 0.0076 0.0066 0.0067 0.0157 0.0144
@10 0.2228 0.0927 0.2154 0.0144 0.0168 0.0169 0.0054 0.0066 0.0064 0.0114 0.0136 0.0139
@20 0.3383 0.0751 0.2670 0.0337 0.0191 0.0307 0.0221 0.0108 0.0286 0.0239 0.0140 0.0213

FedWDR
@5 0.1585 0.1314 0.2049 0.0092 0.0229 0.0227 0.0123 0.0281 0.0276 0.0140 0.0350 0.0318
@10 0.2507 0.1080 0.2478 0.0173 0.0215 0.0230 0.0213 0.0248 0.0263 0.0236 0.0290 0.2960
@20 0.3728 0.0853 0.2978 0.0385 0.0235 0.0350 0.0417 0.0245 0.0366 0.0436 0.0226 0.0390

FedNCF_CS
@5 0.1614 0.1349 0.2126 0.0551 0.1185 0.1158 0.0374 0.0873 0.0846 0.0309 0.0742 0.0703
@10 0.2451 0.1085 0.2467 0.0830 0.0913 0.0975 0.0643 0.0751 0.0792 0.0509 0.0608 0.0620
@20 0.3588 0.0840 0.2920 0.1312 0.0732 0.1127 0.1120 0.0650 0.0960 0.0907 0.0538 0.0785

PFedRec_CS
@5 0.1478 0.1218 0.1931 0.0118 0.0292 0.0248 0.0129 0.0297 0.0081 0.0105 0.0251 0.0222
@10 0.2435 0.1028 0.2391 0.0193 0.0236 0.0229 0.0224 0.0260 0.0089 0.0191 0.0229 0.0226
@20 0.3654 0.0819 0.2911 0.0230 0.0310 0.0495 0.0471 0.0271 0.0104 0.0401 0.0237 0.0349

FedVBPR
@5 0.1373 0.1160 0.1800 0.0494 0.1140 0.1075 0.0502 0.1169 0.1096 0.0332 0.0799 0.0722
@10 0.2258 0.0992 0.2257 0.0891 0.1028 0.1055 0.0910 0.1058 0.1106 0.0627 0.0747 0.0750
@20 0.3340 0.0770 0.2706 0.1570 0.0908 0.1345 0.1572 0.0913 0.1357 0.1089 0.0641 0.0920

FedDCN
@5 0.1070 0.0860 0.1361 0.0595 0.1352 0.1329 0.0616 0.1396 0.1379 0.0593 0.1364 0.1338
@10 0.1728 0.0728 0.1690 0.1080 0.1222 0.1332 0.1085 0.1232 0.1344 0.1067 0.1217 0.1321
@20 0.2595 0.0578 0.2062 0.1826 0.1029 0.1566 0.1804 0.1025 0.1576 0.1776 0.1015 0.1555

IFedNCF
@5 0.1817 0.1521 0.2380 0.0868 0.1939 0.1901 0.0841 0.1896 0.1883 0.0830 0.1879 0.1855
@10 0.2774 0.1211 0.2763 0.1429 0.1616 0.1726 0.1438 0.1624 0.1775 0.1462 0.1638 0.1742
@20 0.4053 0.0929 0.3249 0.2406 0.1344 0.2012 0.2345 0.1316 0.2070 0.2353 0.1327 0.2022

IPFedRec
@5 0.1798 0.1520 0.2396 0.0813 0.1829 0.1794 0.0771 0.1747 0.1724 0.0753 0.1719 0.1697
@10 0.2791 0.1217 0.2792 0.1372 0.1550 0.1650 0.1304 0.1485 0.1616 0.1295 0.1486 0.1604
@20 0.3940 0.0907 0.3160 0.2353 0.1311 0.1987 0.2117 0.1213 0.1854 0.2230 0.1264 0.1893

Ours
@5 0.1921* 0.1621* 0.2549* 0.0872* 0.1952* 0.1948* 0.0853* 0.1917* 0.1943* 0.0867* 0.1960* 0.1964*
@10 0.2929* 0.1309* 0.3001* 0.1530* 0.1718* 0.1850* 0.1507* 0.1691* 0.1839* 0.1560* 0.1739* 0.1873*
@20 0.4187* 0.0979* 0.3441* 0.2545* 0.1411* 0.2112* 0.2372* 0.1337* 0.2057 0.2438* 0.1372* 0.2092*

Improv
@5 5.72% 6.57% 6.39% 0.46% 0.67% 2.47% 2.50% 2.16% 4.41% 4.46% 4.31% 5.88%
@10 4.94% 7.56% 7.49% 7.07% 6.31% 7.18% 4.52% 3.82% 3.32% 6.70% 6.17% 7.52%
@20 3.31% 5.38% 5.91% 5.78% 4.99% 4.97% 1.28% 1.60% -0.63% 3.61% 3.39% 3.46%

Table 4: Ablation study of PMFRec on CiteULike and XING-5000.

Methods CiteULike XING-5000
R@10 R@20 P@10 P@20 N@10 N@20 R@10 R@20 P@10 P@20 N@10 N@20

PMFRec 0.2929 0.4187 0.1309 0.0979 0.3001 0.3441 0.1530 0.2545 0.1718 0.1411 0.1850 0.2112
w/o 𝑃𝑢 0.2675 0.3900 0.1200 0.0916 0.2763 0.3234 0.1367 0.2304 0.1553 0.1294 0.1662 0.1952
w/ only 𝑃𝑢 0.2656 0.3988 0.1179 0.0922 0.2739 0.3244 0.1181 0.1927 0.1334 0.1093 0.1395 0.1625
w/ single-view 0.2886 0.4120 0.1286 0.0964 0.2936 0.3381 0.1498 0.2482 0.1694 0.1386 0.1816 0.2086
w/o gate 0.2895 0.4167 0.1284 0.0972 0.2947 0.3418 0.1523 0.2455 0.1699 0.1373 0.1816 0.2066
w/o Lortho 0.2921 0.4141 0.1307 0.0971 0.2996 0.3405 0.1420 0.2321 0.1617 0.1313 0.1733 0.1973
w/o Llb 0.2921 0.4153 0.1300 0.0972 0.2981 0.3414 0.1436 0.2348 0.1631 0.1329 0.1765 0.2007
w/o Llb, Lortho 0.2924 0.4147 0.1307 0.0972 0.3001 0.3412 0.1453 0.2405 0.1652 0.1354 0.1787 0.2044

PMFRec successfully captures robust user preferences by fusing per-
sonalized and global perspectives into a single-type item embedding.

Beyond personalization, the architectural choices for the global
encoder significantly impact performance. Utilizing a single-view
encoder (w/ single-view) hurts accuracy, supporting the necessity of
multi-view encoding to resolve compositionality failures and capture

conflicting semantic facets. Furthermore, removing the gating mod-
ule (w/o gate), which results in simple uniform averaging, leads to a
performance drop. This indicates the importance of item-adaptive
view selection, where each item can selectively emphasize its most
relevant semantic subspaces through our gating mechanism.
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Table 5: Comparison of zero-score ratio (Z@K).

Dataset Metric IFedNCF IPFedRec w/o 𝑃𝑢 w/ single-view PMFRec

CiteULike
Z@10 36.93% 37.15% 37.65% 34.89% 34.71%
Z@20 24.23% 25.73% 25.24% 23.66% 22.92%

XING-5000
Z@10 30.30% 32.00% 30.34% 28.94% 26.80%
Z@20 12.12% 11.24% 11.86% 11.46% 11.04%

Figure 3: Analysis for user-level fairness and performance dis-
tribution.

Finally, excluding the orthogonality loss (Lortho) or the load-
balancing loss (Llb) consistently leads to suboptimal results. Inter-
estingly, as shown in Table 4, removing both terms simultaneously
can sometimes yield better results than removing only one (e.g., on
CiteULike). This suggests a strong inter-dependency between the
two objectives, implying they are most effective when working in
tandem to encourage diverse and balanced view utilization across
the item pool.

5.4 Personalization Analysis (RQ3)
In this section, we analyze how our personalized item represen-
tations affect cold-start behavior on CiteULike and XING-5000.
Because prior methods rely on aggregation and attribute-feature-
to-embedding alignment, they can dilute user-specific preference
signals, leading to score shrinkage and overly conservative rankings.
To quantify this effect, we report the zero-score ratio (Z@𝐾) in
the cold setting, defined as the fraction of users whose cold-item
Recall@𝐾 is zero. Table 5 shows that PMFRec consistently reduces
the zero-score ratio compared to the baselines, whereas removing
personalization increases it. This verifies that personalized represen-
tations effectively mitigate preference dilution and help more users
receive at least one correct cold-item recommendation.

We further assess user-level fairness using the Gini coefficient,
where lower values indicate more evenly distributed per-user perfor-
mance1. As shown in Figure 3, PMFRec generally achieves lower
Gini coefficients than the baselines, while removing personalization
increases inequality across users.

1Let 𝑛 be the number of users and let 𝑥𝑖 ≥ 0 denote the per-user metric value (e.g.,
Recall@𝐾 or NDCG@𝐾 ) for user 𝑖. Let 𝑥 (1) ≤ · · · ≤ 𝑥 (𝑛) be the sorted values, and

assume
∑𝑛

𝑖=1 𝑥 (𝑖 ) > 0. We compute the Gini coefficient as 𝐺 =

∑𝑛
𝑖=1 (2𝑖−𝑛−1) 𝑥 (𝑖 )
𝑛
∑𝑛
𝑖=1 𝑥 (𝑖 )

.

Lower𝐺 indicates more evenly distributed performance across users.

Figure 4: Effect of load balancing loss on CiteULike.

Figure 5: Analysis of cross-view redundancy on CiteULike.

Notably, personalized representations are the primary factor driv-
ing these gains. Even when the multi-view component is not used,
the single-view personalized variant already improves both zero-
score ratio and user-level fairness over non-personalized alternatives.
Although combining personalization with multi-view representation
yields the best overall performance in most cases, it is not uniformly
superior on every fairness metric; for example, on CiteULike, the
full model shows a slight increase in Gini for R@10 and N@10
compared with the single-view personalized variant. Nevertheless,
both personalized variants consistently outperform the correspond-
ing non-personalized settings, confirming that personalization is the
key mechanism for alleviating preference dilution, while multi-view
representation provides complementary gains by modeling more
complex relationships among heterogeneous attributes.

Taken together, these results show that PMFRec not only improves
overall cold-start accuracy, but also reduces zero-score users and
distributes performance more broadly across users by generating
more expressive and user-aligned cold-item representations.

5.5 Multi-view Analysis (RQ4)
In this section, we analyze the behavior of our server-side multi-view
encoder and examine whether the proposed design indeed produces
diverse and meaningful view decomposition.

We first investigate whether Lortho encourages distinct view rep-
resentations. Figure 5 reports the average pairwise cosine similar-
ity between view-specific projected representations on CiteULike,
computed from unseen cold-item attribute features. With Lortho,
the cross-view similarities become substantially lower than those
obtained without it, indicating that different views capture less redun-
dant and more complementary semantics. In contrast, without the
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Table 6: Qualitative Case Study on CiteULike. The items as-
signed highest weights for different views reveal distinct seman-
tic clusters (e.g., Biology vs. Social Science), supporting the in-
terpretability of our multi-view decomposition.

View Title of literature

View 1
Evolving protein interaction networks through gene duplication
Light Microscopy Techniques for Live Cell Imaging
Widespread occurrence of antisense transcription in the human genome

View 2
Thirteen Ways to Look at the Correlation Coefficient
Information Literacy
A face(book) in the crowd: social Searching vs. social browsing

Figure 6: Adaptability of personalized and multi-view represen-
tations to existing baselines.

orthogonality regularization, the projected representations from dif-
ferent views remain highly correlated, suggesting that multiple views
collapse into overlapping feature subspaces rather than providing
genuinely distinct perspectives.

Next, we study whether load balancing prevents routing collapse.
Figure 4 plots the routing masses 𝑆𝑘 over training steps for both
warm and cold items. With load balancing, the routing mass assigned
to each view remains more even and stable throughout training,
whereas without it, routing progressively becomes skewed toward
a subset of views. This pattern indicates that the load balancing
objective is crucial for preventing dominant-view collapse and for
ensuring that all views participate in representing items, including
unseen cold items.

Finally, Table 6 presents a qualitative case study. For two repre-
sentative views, we list the items assigned the largest gating weights.
The resulting groups exhibit clearly different semantics, such as
biology-oriented versus information-science-oriented topics, sug-
gesting that the learned views are not only computationally distinct
but also semantically interpretable. Taken together, these results
show that the proposed multi-view encoder learns complementary,
non-collapsed, and interpretable feature subspaces, which helps ex-
plain why the full model consistently outperforms its single-view
counterpart.

5.6 Adaptability and Warm Scenario (RQ5)
In this section, we evaluate whether our proposed personalized and
multi-view representations can be seamlessly integrated into existing

Figure 7: Performance in the warm scenario.

baselines (e.g., IFedNCF, IPFedRec), and assess the overall effective-
ness of our method in a warm recommendation scenario. For clarity,
the suffix w/ PM denotes a variant where the baseline’s original item
representations are replaced with our Personalized and Multi-view
representations, while the rest of the baseline architecture remains
unchanged.

As illustrated in Figure 6, integrating our representations into
prior frameworks yields substantial performance gains, ranging from
0.68% to 18.61%. This demonstrates the high adaptability of our
proposed representations. However, it is worth noting that these aug-
mented baselines must transmit the two distinct types of representa-
tions separately to the clients, which can introduce communication
inefficiencies during the training process.

Furthermore, Figure 7 demonstrates that our proposed method
consistently achieves outstanding performance even in the warm
scenario. Overall, our method significantly outperforms the represen-
tative baselines, achieving up to a 25.8% performance improvement.
We also investigate which component—the personalized represen-
tation or the multi-view encoding—had a more significant impact
on performance in the warm scenario. Interestingly, in contrast to
the cold scenario, the multi-view knowledge proved to be the more
critical factor. Unlike in the cold setting, removing the multi-view
encoding resulted in a substantial performance drop in the warm
setting. This suggests that while personalization is highly effec-
tive for addressing unseen item features (cold items), multi-view
knowledge becomes paramount when abundant training signals are
available. Although personalization remains beneficial, the ability
to comprehensively interpret the features of warm item embeddings
through multiple views is essential to maximize performance amid
rich training signals.

5.7 Convergence and Hyperparameter Analysis
(RQ6)

Convergence Analysis. Figure 8 shows stable convergence on Ci-
teULike and XING-5000, and we observe similar trends on the other
datasets. Unlike the other baselines, PMFRec exhibits a brief per-
formance drop in the early stage followed by a steady improvement.
We attribute this to applying personalization before user preferences
are sufficiently formed. In contrast, most baselines train remain
relatively stable and performance increases more monotonically.
Nevertheless, the final performance of PMFREC is higher overall.
Parameter Sensitivity. Figure 9 studies the sensitivity to 𝐾 , 𝜆ortho,
and 𝜆lb on both datasets. For the number of views, 𝐾 = 4 yields the
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Figure 8: Convergence curves on CiteULike.

Figure 9: Parameter sensitivity analysis on CiteULike and XING-
5000.

Table 7: Performance under (ε, δ)-LDP with varying privacy
budgets ε and fixed 𝛿 .

Dataset
Method IFedNCF IFedNCF w/ PM PMFRec
Metrics R@10 N@10 R@10 N@10 R@10 N@10

CiteULike

w/o LDP 0.2774 0.2763 0.2954 0.3037 0.2929 0.3001
𝜀 = 4 0.0928 0.1029 0.1088 0.1147 0.2274 0.2424
𝜀 = 8 0.1556 0.1640 0.1734 0.1776 0.2381 0.2494
𝜀 = 10 0.1785 0.1892 0.1743 0.1781 0.2432 0.2531

XING-5000

w/o LDP 0.1429 0.1726 0.1695 0.2011 0.1530 0.1850
𝜀 = 4 0.0410 0.0492 0.0397 0.0497 0.0858 0.1039
𝜀 = 8 0.0538 0.0674 0.0717 0.0906 0.0963 0.1149
𝜀 = 10 0.0585 0.0739 0.0833 0.1042 0.0992 0.1193

best performance on both CiteULike and XING-5000, and perfor-
mance generally decreases as 𝐾 grows further. For 𝜆ortho, the best
value is 10−4 on CiteULike and 10−1 on XING-5000; nevertheless,
performance is consistently better with a positive 𝜆ortho than with
𝜆ortho = 0, and the overall variation is modest across a wide range.
For 𝜆lb, performance improves as 𝜆lb increases on both datasets,
suggesting that more balanced view utilization (i.e., fairer routing
across views) is beneficial; again, the sensitivity is not severe.

5.8 Privacy-Preserving Analysis (RQ7)
In this section, we evaluate the robustness of PMFRec under (𝜀, 𝛿)-
LDP by varying the privacy budget 𝜀. As shown in Table 7, while the
performance of all models inevitably decreases as 𝜀 becomes smaller
due to the increased noise scale, PMFRec exhibits significantly
higher robustness compared to regularizer-based baselines. Notably,
baselines that perform well in non-private settings suffer a sharp

Figure 10: Qualitative case study under LDP (𝜀 = 10). Per-round
diagnostics on CiteULike (top) and XING-5000 (bottom) for
IFedNCF w/PM.

decline under LDP, highlighting a critical privacy-utility trade-off
inherent in existing methods.

To investigate the underlying cause of this robustness gap, we
analyze the effective projection Signal-to-Noise Ratio (SNR) of
the local updates. The SNR along a target direction 𝑣 is defined
as follows: SNR(+)

𝑣
(𝐺) = min( ∥𝐺 ∥𝐹 ,𝐶 ) max(cos𝜙𝑣 ,0)

𝜎𝐶
, 2 where 𝐺 is the

gradient, 𝐶 is the clipping threshold, 𝜎 is the noise scale, and 𝜙𝑣 is
the angle between the gradient and the target direction.

The empirical diagnostics provided in Figure 10 reveal the struc-
tural limitations of existing schemes. To rigorously analyze these
mechanics, we specifically focus on IFedNCF w/ PM in this figure,
as it exhibited the highest baseline performance under LDP, allowing
us to dissect the underlying reasons behind its behavior. Specifically,
both IFedNCF and IPFedRec rely on an explicit client-side regular-
izer to align item embeddings with attribute-based representations.
Consequently, the local gradient𝐺𝑢 is a composite of two objectives:
𝐺𝑢 =𝐺rec +𝐺reg. This multi-objective formulation leads to a severe
SIGNAL INTERFERENCE effect. First, we observe that the SNR val-
ues for both the recommendation signal (𝐺rec) and the regularization
signal (𝐺reg) remain strictly below the single-objective upper bound
(SNRsingle) throughout training. Second, as the magnitude of the
regularizer grows, the effective SNR for the primary recommenda-
tion task is heavily suppressed. Furthermore, the alignment term
cos 𝜌 (representing the angle between 𝐺rec and 𝐺reg) is negative for
a substantial portion of the training process, indicating that these
two gradients frequently point in opposing directions.

When clipped and injected with LDP noise, this gradient mis-
alignment exacerbates directional distortion, as the true signal is
drowned out by the conflicting objectives, preventing the model
from reaching the desired optimum. PMFRec fundamentally avoids
this issue. By eliminating the client-side regularizer, PMFRec main-
tains a singular, clean gradient signal for recommendation, resulting
in stable optimization and superior robustness even in high-noise
regimes.

2Let 𝜙𝑣 := ∠ (𝐺, 𝑣) . Based on the noise 𝑍 defined in Section 4.4, the directional
projection of 𝑣 onto the clipped gradient 𝐺 is given by ⟨clip𝐶 (𝐺 ) + 𝑍, 𝑣⟩. There-
fore, this directional projection follows a Gaussian distribution: ⟨clip𝐶 (𝐺 ) + 𝑍, 𝑣⟩ ∼
N
(
min( ∥𝐺 ∥𝐹 ,𝐶 ) cos𝜙𝑣 , 𝜎

2𝐶2 ) . Consequently, the effective projection signal-to-

noise ratio is formulated as SNR(+)
𝑣̂
(𝐺 ) = min(∥𝐺 ∥𝐹 ,𝐶 ) max(cos𝜙𝑣,0)

𝜎𝐶
.
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6 Conclusion
In this paper, we proposed PMFRec, a personalized and multi-view
federated framework for cold-start recommendation under dual-
sided constraints. PMFRec generates user-specific representations
for cold items by combining a personalized encoder with a global
multi-view attribute encoder equipped with item-adaptive gating.
By modeling heterogeneous attribute semantics through comple-
mentary views and selectively composing them for each item, our
framework alleviates the representation averaging and semantic en-
tanglement problems of prior single-mapping approaches. In addi-
tion, PMFRec integrates collaborative and attribute knowledge into
a single exchanged item representation, eliminating the need for an
explicit client-side regularizer and improving communication effi-
ciency during training. Extensive experiments showed that PMFRec
consistently outperforms strong baselines, while ablation studies and
analyses confirmed the importance of personalization, multi-view
encoding, adaptive gating, and view regularization. Furthermore,
PMFRec improves user-level fairness, transfers effectively to warm-
scenario settings, and remains more robust than regularizer-based
approaches under Local Differential Privacy (LDP). Overall, these
results demonstrate that PMFRec provides an effective and practical
solution for federated cold-start recommendation in both standard
and privacy-preserving environments.
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A Why Clipping + Gaussian Noise Satisfies
(𝜀, 𝛿)-LDP

A randomized mechanismM satisfies (𝜀, 𝛿)-local differential pri-
vacy (LDP) if for any two inputs𝜓,𝜓 ′ and any measurable setH ,

Pr[M(𝜓 ) ∈ H] ≤ 𝑒𝜀 Pr[M(𝜓 ′) ∈ H] + 𝛿. (28)

In our local update, the client computes the gradient 𝐺 = ∇𝑄𝑢L𝑢 ∈
R | I

𝑊 |×𝑑 and releases a privatized gradient via clipping and Gaussian
noise. Define the clipping multiplier and the clipped gradient as

𝛼 (𝐺) ≜ min
(
1,

𝐶

∥𝐺 ∥𝐹

)
, 𝐺 ≜ 𝛼 (𝐺)𝐺, (29)

so that ∥𝐺 ∥𝐹 ≤ 𝐶. The released (private) gradient is

𝐺̃ = 𝐺 + 𝑍, vec(𝑍 ) ∼ N
(
0, 𝑠2𝐼 | I𝑊 |𝑑

)
, 𝑠 = 𝜎𝐶, (30)

where vec(·) denotes the vectorization operator.
Step 1: Sensitivity bound induced by clipping. Let 𝑓 (𝐺) = 𝐺

denote the clipped mapping. Since ∥ 𝑓 (𝐺)∥𝐹 ≤ 𝐶 for any 𝐺 , for any
two inputs 𝐺,𝐺 ′ we have

∥ 𝑓 (𝐺) − 𝑓 (𝐺 ′)∥𝐹 ≤ ∥ 𝑓 (𝐺)∥𝐹 + ∥ 𝑓 (𝐺 ′)∥𝐹 ≤ 2𝐶. (31)

Thus, the ℓ2-sensitivity (after vectorization) is bounded by

Δ2 ≜ sup
𝐺,𝐺 ′
∥ 𝑓 (𝐺) − 𝑓 (𝐺 ′)∥𝐹 ≤ 2𝐶. (32)

Step 2: Gaussian mechanism calibration. Consider the Gaussian
mechanismM(𝐺) = 𝑓 (𝐺)+𝑍 with vec(𝑍 ) ∼ N(0, 𝑠2𝐼 | I𝑊 |𝑑 ). By the
standard Gaussian mechanism theorem (e.g., [9]), for any 𝛿 ∈ (0, 1),
if 𝑓 has ℓ2-sensitivity at most Δ2, then adding Gaussian noise with
standard deviation

𝑠 ≥ Δ2

𝜀

√︄
2 log

(
1.25
𝛿

)
(33)

is sufficient to satisfy the privacy condition in Eq. (28) when the
mechanism is applied locally to a single client (i.e., to that client’s
private data through its local gradient). Hence, each local step pro-
vides an (𝜀, 𝛿)-LDP guarantee.

Instantiation for clipped gradients. Combining Eq. (32) and Eq. (33)
with Δ2 ≤ 2𝐶 and 𝑠 = 𝜎𝐶 yields

𝜎 ≥ 2
𝜀

√︄
2 log

(
1.25
𝛿

)
. (34)

Therefore, releasing 𝐺̃ = 𝐺 + 𝑍 with 𝐺 = 𝐺 · min(1,𝐶/∥𝐺 ∥𝐹 )
and vec(𝑍 ) ∼ N (0, 𝜎2𝐶2𝐼 | I𝑊 |𝑑 ) satisfies (𝜀, 𝛿)-LDP for each local
step. Finally, the server observes Δ𝑄𝑢 = −𝜂𝐺̃ (equivalently 𝑄new

𝑢 =

𝑄𝑢 − 𝜂𝐺̃), which is deterministic post-processing of 𝐺̃ ; hence it
preserves the same (𝜀, 𝛿)-LDP guarantee.

In summary, clipping enforces ∥ 𝑓 (𝐺)∥𝐹 ≤ 𝐶 and thus Δ2 ≤ 2𝐶
(Eq. (32)), while Eq. (33) calibrates the Gaussian noise accordingly
to satisfy Eq. (28). A detailed proof of the Gaussian calibration
(including the constant 1.25) can be found in [9].

Algorithm 1 PMFRec: Warm Training Phase
ServerExecute:

1: Initialize a multi-view encoder and a personalized encoder.
2: for 𝑡 = 1, 2, ...,𝑇 do
3: Sample participating users U𝑡 from U
4: Compute global warm-item representations 𝑃𝑔 with Eq. (10).
5: for all 𝑢 ∈ U𝑡 in parallel do
6: if 𝑡 = 1 then
7: Compute 𝑍𝑢 as 𝑃𝑔 .
8: else
9: Compute 𝑍𝑢 with Eq. (19)

10: end if
11: 𝑄new

𝑢 ← ClientUpdate(𝑍𝑢 , 𝑡 )
12: Update parameters of ℎ𝑢 with Eq. (8)
13: Do cumulative aggregation with Eq. (4)
14: end for
15: for 𝑒 = 1, ..., 𝐸server do
16: Compute L𝑀 with Eq. (14), Lortho with Eq. (16), and Llb with

Eq. (17)
17: Update parameters of 𝐹𝑀 with Eq. (18)
18: end for
19: end for

ClientUpdate(𝑍𝑢 , t):
1: if 𝑡 = 1 then
2: Initialize user embedding 𝑒𝑢 and scoring function Θ𝑢

3: else
4: Initialize user embedding and scoring function with the latest updates
5: end if
6: Initialize𝑄𝑢 with 𝑍𝑢
7: Sample negative feedback D (𝑊,−)

𝑢 from I𝑊
8: B ← (split {D (𝑊,+)

𝑢 ∪ D (𝑊,−)
𝑢 } into batches)

9: for 𝑒 from 1 to 𝐸local do
10: for batch 𝑏 ∈ B do
11: Compute L𝑢 with Eq. (1)
12: Update (𝑄𝑢 , 𝑒𝑢 ,Θ𝑢 ) with Eq. (3)
13: end for
14: end for
15: return𝑄new

𝑢 to server
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