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Abstract

User behavior data is naturally distributed across multiple platforms,
each capturing complementary aspects of user interests. Integrat-
ing these signals can enable more comprehensive user modeling
and improve recommendation quality. However, direct raw-data
sharing across platforms is often infeasible due to data privacy
regulations and commercial confidentiality, posing a major barrier
to practical multi-platform recommendation. To overcome this bar-
rier, Vertical Federated Learning (VFL) enables platforms to share
latent knowledge from user data through privacy-preserving dis-
tributed learning, without directly exposing raw data. However, its
real-world deployment remains limited by three key challenges: 1)
the restricted data scope of training, 2) the high cost of distributed
inference, and 3) the partial user benefits for overlapped users only.

This doctoral research aims to address these challenges and move
toward practical multi-platform recommendation via cost-effective
VFL. Specifically, we develop a series of methods corresponding
to these challenges: 1) fMPD, a fine-grained self-supervised pre-
training method that extends data utilization scope to unlabeled
data; 2) JPL, a privileged distillation technique that supports efficient
standalone inference while preserving the benefits of federated
learning; and 3) REFER, a retrieval-enhanced federated recommen-
dation framework that enables full-user-set inference and group-
wise user benefits. Experiments on public and industrial datasets
validate the effectiveness of these methods and demonstrate their
potential in implementing practical multi-platform recommenda-
tion. Future work will further connect VFL-based recommendation
with generative recommenders and large language models.
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1 Introduction

Recommendation systems are now ubiquitous, capturing user be-
haviors across various service platforms that reflect diverse user
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Figure 1: VFL enables multi-platform recommendation with-
out direct data sharing, but remains limited by restricted data
perception scope, costly distributed inference, and benefits
confined to overlapped users.
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Figure 2: Research map of cost-effective multi-platform rec-
ommendation. Three deployment barriers are addressed by
fMPD for broader data utilization, JPL for local serving, and
REFER for full-set user benefit.

interests. Using this multi-platform data collectively can achieve
comprehensive user modeling. However, intrinsic data isolation,
privacy laws (GDPR [22]), and commercial confidentiality make di-
rect data sharing impossible, a problem well-known as the “isolated
data island problem” [26].

To tackle this problem, vertical federated learning [4, 14] has
been proposed and explored in various recommendation tasks [23,
25]. However, due to the restricted number of overlapped samples
across parties [17] and the distributed nature of the split neural
network model, existing works suffer from following challenges:

e (Challenge 1) Limited Training Data Scope: Aligned users
for dissimilar businesses are often limited and constitute only
a small portion of the user population. This reduced training
set size can increase the risk of overfitting and result in low-
quality embeddings and hidden representations, especially in
sparse high-dimensional recommendation datasets.

e (Challenge 2) High-Cost Distributed Serving: The inference
process of VFL models incurs extra latency costs (due to cross-
party feature transmission and security enhancement operations)
and poses new system design challenges (arising from inconsis-
tent network conditions and computational capabilities of dif-
ferent parties). These challenges make it difficult for a federated
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inference system to meet the high throughput and real-time la-
tency requirements of advertising systems (million-scale peak
QPS and 10 ~ 100 ms processing time per request [20]). These ob-
stacles may render the federation infeasible or excessively costly
for participants.

(Challenge 3) Partial User Benefits: The intrinsic field missing
in passive parties makes it infeasible for a federated model to train
on or make predictions for unaligned users. Thus, vanilla VFL
can only bring benefits to aligned users, largely undermining the
practicability of VFL. If a participant has more unaligned users,
or places greater emphasis on unaligned users in their business,
joining the federation is not cost-effective.

Contributions. To address these challenges, we integrate self-
supervised pre-training[11], privileged distillation[10], and retrieval
augmentation[9] to improve the return on investment of federation.
As illustrated in Figure 2, we develop three connected methods: (i)
fMPD uses fine-grained self-supervised perturbation—detection to
learn transferable cross-party representations from unlabeled over-
lapped data; (ii) JPL studies a Semi-VFL setting that uses federated
training but supports independent local inference; and (iii) REFER
extends vertical federated recommendation to the full user set with
retrieval augmentation.

Practical Implications. These methods are suitable for differ-
ent deployment conditions, while remaining compatible with each
other. When abundant unlabeled overlapped data are available,
fMPD can further exploit such data through self-supervised pre-
training to strengthen federated encoders. When online cross-party
serving is too expensive or infrastructure-constrained, JPL can pre-
serve the benefits of federated training while enabling low-cost
standalone inference. When sufficient serving resources are avail-
able and the goal is to maximize the return of federation, REFER
can robustly extend federated benefits to the full user set through
retrieval-augmented federated serving.

Beyond these typical conditions, the three methods can be flexi-
bly combined in practical deployments. For example, pretraining
can serve as initialization for subsequent retrieval augmentation or
distillation; retrieval augmentation can expand the available data
scope for both pretraining and distillation; and distillation can be
applied to either pretrained models or retrieval-enhanced models to
support efficient inference. Together, these methods form a config-
urable solution space that adapts VFL to different data availability,
infrastructure costs, and deployment objectives.

2 Background and Related Work

2.1 Preliminary: Vertical Split Learning

We focus on a typical two-party vertical split learning setting [21].
Specifically, each party holds a bottom model (e.g., fa, f) for ex-
tracting hidden representations, and the active party additionally
holds a top model g4 to aggregate two sides of representations to
make predictions § and computes loss L(7, y):

b} = fa(x{};04), b} = fa(x};; 08) (1)
bij = fgi‘iZB (X;; Xg) = 9A(h§, hg; %) @)

where 04 = {6}, 95\}. Note that hy and hp are distributively com-
puted in each party’s server. Once hp is ready, it will be sent to
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Figure 3: (Solution for C1) fMPD turns unlabeled overlaps
into fine-grained perturbation-detection signals for cross-
party correlation learning.

party A across the network. In the backward pass, the gradient
gB = Vnz L of hp will be sent to party B for subsequent backward
pass and parameter updates. Only hidden representation hg and
corresponding gradient gg are shared during training, thus original
data is never directly exposed. We consider another line of security-
focused works [1, 8, 27] complementary to us and we focus mainly
on the aspect of effectiveness and efficiency.

2.2 Related Work

Despite extensive studies on federated recommendation in hori-
zontal FL settings [25], vertical federated recommendation remains
underexplored [14, 23]. Around the key challenge of VFL, exist-
ing VFR studies mainly follow three directions: (1) Pre-training
methods learn reusable encoders from additional unlabeled or
non-overlapped data, such as VFed-SSD [11], SS-VFL [3], and Hy-
bridSSL [6]; they improve representation quality, but do not directly
provide passive-side evidence for non-overlapped users at infer-
ence. (2) Data compensation methods supplement missing passive
information, for example FedCVT [7] in the hidden space via multi-
view learning and FedAds [23] through diffusion-based denoising;
however, such compensation is often training-oriented and only
applicable to aligned samples. (3) Distillation methods transfer fed-
erated knowledge into a local model [10, 11, 18], enabling efficient
inference for all users but sacrificing B-side feature usage in serving.

3 Methods and Results

3.1 Solution 1: Extending Data Utilization via
Fine-Grained Self-Supervised Pre-training

Design Motivation. The first direction addresses Challenge 1,
where VFL-based recommendation is trained on only a small set
of freshly labeled overlapped users. Self-supervised pre-training is
a natural remedy, because many historical records have outdated
or noisy labels [24] but still preserve stable profile, item, and cross-
platform co-occurrence semantics. The key is to extract these signals
in a way that matches recommendation modeling. CTR models de-
pend on field interactions, while common contrastive SSL in tabular
VFL often remains too coarse at the party level or relies on semanti-
cally ambiguous feature augmentation. Thus, fMPD is motivated by
a simple principle: unlabeled overlaps should provide fine-grained
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Table 1: fMPD improves downstream CTR prediction un-
der limited labeled data. A denotes the difference from the
strongest baseline for each metric.

Avazu Criteo
Method AUCT LogLoss| | AUCT LogLoss]
SplitNN 0.6786 0.3845 ‘ 0.7438 0.5050
+ Self Train 0.7003 0.3662 0.7595 0.4885
+ LocalSSL 0.7046 0.3623 0.7682 0.4763
+ CrossSSL 0.7010 0.3645 0.7700 0.4721
+ HybridSSL  0.7032 0.3647 0.7716 0.4704
fMPD 0.7182 0.3559 ‘ 0.7744 0.4712
A +0.0136 -0.0064 ‘ +0.0028 +0.0008

and unambiguous supervision for cross-party correlation learning.
The message is not merely to use more data, but to recover the
field-level correlations that downstream federated predictors need.

Method Overview. As shown in Figure 3, fMPD follows a fine-
grained multi-scale perturb-then-detect framework. It perturbs se-
lected active-party feature values and asks the federated model
to detect the induced inconsistency conditioned on the remaining
active fields and the complete passive-party fields. The generated
perturbation label gives explicit supervision, avoiding heuristic
positive-pair construction. fMPD organizes detection at sample,
field, and feature levels, so the model learns both coarse consistency
and fine field dependencies. Active-side perturbation provides con-
trollable corruption, passive-side conditioning supplies cross-view
evidence, and multi-scale detection ties the two sources together.
Through this design, underused unlabeled overlaps become struc-
tured pre-training signals, improving transferable representations
for downstream VFL-based recommendation.

Results. We report results of fMPD and relevant baselines on verti-
cally split Avazu and Criteo CTR benchmarks [5, 11]. The baselines
include supervised SplitNN [4, 21], semi-supervised Self Train [2, 15,
19], and SSL-VFL methods LocalSSL [3], CrossSSL [6, 12], and Hy-
bridSSL [6]. Table 1 reports downstream AUC and LogLoss, where
AUC measures ranking quality and LogLoss measures probabilistic
calibration. We observe that (1) fMPD improves the strongest base-
line by +0.0136 AUC on Avazu and +0.0028 on Criteo; (2) the gains
hold on both datasets, indicating that the learned representations
transfer to downstream CTR prediction under limited labeled su-
pervision. These results demonstrate that fMPD satisfies the design
goal of converting unlabeled overlapped records into fine-grained
cross-party supervision, thereby addressing Challenge 1 on limited
labeled-data utilization.

3.2 Solution 2: Reducing Inference Cost with
Federated Privileged Distillation

Design Motivation. The second direction addresses Challenge 2,
where the distributed serving cost of standard VFL blocks deploy-
ment in latency-sensitive recommendation systems. Offline federa-
tion can be scheduled and amortized, but online federated inference
requires cross-party computation, communication, and often se-
curity operations for every request. This cost is hard to reconcile
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Figure 4: (Solution for C2) JPL distills full-field federated
knowledge into a local-serving student for local inference.

with high-throughput advertising services. However, removing
the passive party at inference would collapse the model back to
a local recommender and lose the value of federation. This mo-
tivates Semi-VFL: learn from full-field federation during training,
but serve independently with active-party fields at inference. The
main challenge is to preserve passive-side knowledge under field
missing while adapting across aligned and unaligned samples. This
setting is more practical than requiring every request to enter fed-
eration, but harder than ordinary distillation because knowledge
must generalize beyond aligned users.

Method Overview. As shown in Figure 4, JPL uses a privileged
distillation pipeline. It first trains a federated teacher on aligned
users with full fields, then trains a local-serving student on the
full active-party sample space. The student contains a local branch
for active-side patterns and a federated branch for distilled cross-
party knowledge, sharing the active encoder to connect aligned and
unaligned samples. Two regularizers provide the main transfer path:
federated equivalence imitation preserves passive-side effects under
local inputs, and cross-head rank alignment coordinates the local
and federated heads. The module details are auxiliary to this goal:
transfer federated knowledge into a single local predictor. After
training, the deployed student performs standalone active-party
inference, reducing serving cost while retaining federated benefits.

Results. We report results of JPL and relevant baselines on Avazu
and Criteo under Semi-VFL local-serving inference [10], where full-
field federated knowledge is used during training but only active-
party fields are available at inference. The baselines include Fed [4,
21], the local-only control Local [10], FPD [11, 18], FedUD* [16], and
FedCVT* [7]. Table 2 reports local-serving AUC on overall, aligned,
and unaligned groups; blank entries denote methods that cannot
serve the corresponding group under this protocol. We observe that
(1) JPL obtains the best AUC on all reported groups for both datasets;
(2) its advantage holds across overall, aligned, and unaligned users,
indicating that the local student benefits from federated training
over the full active-party sample space. These results demonstrate
that JPL satisfies the local-serving design requirement by retaining
federated benefits under standalone active-party inference, thereby
addressing Challenge 2 on online VFL serving cost.

3.3 Solution 3: Achieving Full-Set User Benefits
with Retrieval Augmentation

Design Motivation. The third direction addresses Challenge 3,
where standard VFL benefits only aligned users. Even if federated
serving is available, unaligned active-party users lack passive-party
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Table 2: JPL preserves federated benefits under local-serving
inference. A: gain over the strongest local-serving baseline.

Wenjie Li

Table 3: REFER extends VFL benefits to the full user set. A
denotes the difference from the strongest baseline.

Avazu Criteo Douban, Book-Movie Meituan, Search-Rec
Method  Overall Aligned Unaligned | Overall Aligned Unaligned Method Overall Aligned Unaligned | Overall Aligned Unaligned
Fed - 0.7082 - - 0.7844 - UN-Local  0.6289 0.6092 0.6681 0.6204 0.5976 0.6412
Local 0.7082 0.6992 0.7172 0.7750 0.7734 0.7768 AL-Local  0.6744 0.6893 0.6241 0.6106 0.6108 0.6330
FPD 0.7103 0.7037 0.7166 0.7764 0.7746 0.7785 Local 0.6784 0.6841 0.6547 0.6305 0.6130 0.6441
FedUD* 0.7055 0.6982 0.7129 0.7711 0.7694 0.7728 Fed 0.6532 0.6924 0.6282 0.6001 0.6296 0.6237
FedCVT*  0.7145 0.7089 0.7195 0.7653 0.7634 0.7674 Fed-Fill 0.6795 0.6855 0.6547 0.6439 0.6308 0.6518
JPL 0.7207  0.7127 0.7279 ‘ 0.7775  0.7758 0.7794 FTL 0.6179 0.6451 0.6516 0.6018 0.5987 0.6260
A +0.0062  +0.0038 +0.0084 ‘ +0.0011  +0.0012 +0.0009 FPD 0.6823 0.6890 0.6564 0.6321 0.6153 0.6445
FedCVT 0.6818 0.6862 0.6653 0.6316 0.6141 0.6453
_ ReFer 0.6989  0.7099 0.6705 ‘ 0.6499 0.6357 0.6605
y
Y S Distributed §@‘EN1\LMP9?‘? A +0.0166  +0.0175 +0.0024 ‘ +0.0060  +0.0049 +0.0087
\
2
| B Fusion [ into prediction signals. Through this design, passive-side knowledge
D s’ 20 2 can support unaligned users through retrieval, and federation benefits
=
19 1 1
A Bottom E extend from the aligned subset to the full user population.
‘ I R A T g Results. We report results of REFER and relevant baselines on
Xt (xf }K 'xl‘ {x} }K Douban Book-Movie [28] and industrial Meituan Search-Rec un-
ij k j i B B (i . . .
Y I Iker () IER1(D) der full-user-set inference [9]. The baselines include local controls
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Figure 5: (Solution for C3) REFER retrieves cross-party and
local evidence to extend VFL benefits from aligned users to
the full user set and meanwhile keeps privacy-preserving
and inference efficiency

fields, so a conventional split model cannot make full-field predic-
tions for them. This weakens the return on federation, because real
platforms care about the full active-party population and often have
many unaligned users. Discarding these users wastes active-side
behavior data, while serving only aligned users makes collabora-
tion useful to a narrow group. Naive fixes such as zero filling or
hidden-space imputation are limited because they do not provide
concrete raw-space evidence from the passive side. This motivates
Fully-VFR, whose goal is full-set user training and inference rather
than aligned-only collaboration. The core issue is therefore not
only missing fields, but whether federation creates visible value for
every user group.

Method Overview. Figure 5 summarizes REFER as a retrieval-
enhanced retrieval-and-utilization framework for Fully-VFR [9].
The key idea is to replace fixed missing-field defaults with relevant
auxiliary evidence. Cross-RA retrieves similar aligned users and
uses their passive-side records as a bridge to the missing passive
domain, while Local-RA retrieves active-side neighbors from the full
user pool to reduce aligned—unaligned group bias. A hierarchical
federated retrieval process preserves data ownership, and query-
aware fusion modules utilize the retrieved evidence for prediction.
Cross-RA supplies passive-domain evidence, Local-RA improves
group mutual understanding, and fusion turns retrieved evidence

that (1) REFER achieves the best overall AUC, with gains of +0.0166
on Douban Book-Movie and +0.0060 on Meituan Search-Rec; (2) it
also improves both aligned and unaligned users, indicating group-
wise benefits in addition to overall gains. These results demonstrate
that REFER satisfies the full-user-set design goal by using retrieval
augmentation to extend VFL benefits beyond the overlapped subset,
thereby addressing Challenge 3.

4 Future Work

In the future, we plan to extend cost-effective VFL-based recommen-
dation toward frontier recommender systems while maintaining
practical deployment constraints. Motivated by the potential of
VFL to support privacy-preserving multi-platform collaboration
and multi-domain data utilization, we will explore VFL from three
directions: federated semantic representations for generative recom-
mendation, lightweight adapters that inject partner-side knowledge
into local backbones, and constrained LLM-assisted completion
for missing cross-domain signals. We also plan to evaluate these
extensions under practical benchmarks that jointly consider recom-
mendation quality, unaligned-user coverage, communication cost,
inference latency, and privacy risks.
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