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Abstract
For music streaming services expanding into audiobooks, cold-start
personalization presents a critical challenge: as audiobooks are a
newly introduced content type, the vast majority of existing users
have no audiobook listening history. This domain-level cold-start
scenario differs from traditional item or user cold-start scenarios,
since personalization must begin before any behavioral data exists
in the target domain. Yet these same users possess rich engagement
histories in the platform’s established offerings of music and pod-
casts, creating an opportunity to transfer cross-modal signals for
early-stage audiobook recommendations. We present a lightweight
framework designed for scalability and minimal retraining, showing
that cross-modal transfer can yield strong personalization even in
sparse domains. Our framework, studied in the context of a large-
scale music streaming service, adopts a two-tower design with two
key design choices: (1) the user side is frozen and structured into
modality-specific sub-towers, preserving signals without retraining
overhead; and (2) an adaptive fusion mechanism integrates these
signals, while the item side learns audiobook embeddings. To further
enrich content representations, we incorporate BAAI’s BGE model
for text encoding, which injects semantic knowledge into the towers.
This combination yields consistent and substantial relative gains:
offline precision exceeds +100% over popularity baselines and +50%
over single-domain based collocation methods, with strong comple-
mentarity between modalities. Our method scales to millions of users
with minimal training cost and generalizes to public datasets, enabling
both open research and industrial adoption. Large-scale A/B testing
in the US marketplace demonstrates a ∼10% improvement in first
audiobook listens compared to popularity baselines. These results
demonstrate that frozen multi-modal sub-towers with pretrained text
enrichment offer a principled alternative for cross-domain cold-start
personalization, providing a generalizable architecture for efficient
content expansion across any streaming platform diversifying into
new media types.

CCS Concepts
• Information systems→ Personalization; Recommender systems.
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1 Introduction
Recommender systems have transformed how users discover dig-
ital content, yet personalization remains especially difficult when
platforms expand into an entirely new content domain. Audiobooks
exemplify this domain-level cold-start scenario: as long-form, high-
commitment media often hidden behind paywalls or limited previews,
they generate sparse engagement signals and discourage exploratory
consumption [31]. When such a domain is newly introduced, the
vast majority of users arrive with no interaction history, making tra-
ditional collaborative or content-based methods ineffective [12, 25].
Meanwhile, leading platforms are rapidly converging across modali-
ties—Spotify integrating podcasts and audiobooks [2], and Netflix
experimenting with interactive games [24]—where the majority of
the users possess rich interaction trails in established ecosystems but
none in the new one. This transition creates both a challenge and an
opportunity: how can we transfer behavioral and semantic signals
from mature modalities such as music and podcasts to personalize
recommendations before any audiobook interactions exist?

To study this problem at scale, we use behavioral logs from a
large commercial audio platform containing listening histories across
music, podcasts, and newly launched audiobooks. These interactions
naturally form a heterogeneous cross-domain structure: music cap-
tures long-horizon stylistic and affective cues, while podcasts provide
high-precision topical and narrative signals. Notably, music activity
is nearly universal among audiobook listeners, whereas podcast
engagement is sparser but semantically richer. Figure 1 illustrates
the dominant pathways in this data, and their complementary fu-
sion, highlighting the value of leveraging multiple modalities for
early-stage personalization.

Recent advances in cross-domain recommendations highlight
the potential of leveraging behavioral overlap across modalities.
For example, Spotify’s 2T-HGNN [2] system integrates audiobook
and podcast co-listening graphs to mitigate sparsity and improve
quality for cold-start users. However, such graph-based methods
presuppose an established cross-domain ecosystem—where users
already interact with both modalities—making them less suitable for
the domain-level cold-start setting. Music, due to its ubiquity and
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stable long-term patterns, and podcasts, due to their strong semantic
signals, offer complementary behavioral structure that can be utilized
without relying on graph construction.

We introduce Map-2T, a cross-domain two-tower framework
designed for the domain-level cold-start setting, where personal-
ization must be bootstrapped from existing modalities. On the user
side, each modality—music and podcasts—is processed by a frozen
sub-tower that calibrates embedding scale and distribution, preserv-
ing pre-learned behavioral patterns without retraining. An adaptive
feature-gated fusion mechanism then balances long-term stylistic
preferences captured by music with topical and narrative coherence
derived from podcasts, yielding richer and more stable user repre-
sentations. On the item side, audiobook embeddings are learned
through a lightweight tower and semantically enriched with a pre-
trained text encoder to expand coverage when user–item co-listening
data are sparse. These design choices are motivated by industrial
deployment requirements: low retraining overhead, robustness to
missing modalities, and bounded inference latency at platform scale.

We show that incorporating both music and podcast signals within
the user tower produces unified embeddings that capture comple-
mentary aspects of listening behavior, yielding more robust user
representations and consistently improving audiobook recommen-
dations. In summary, this work makes four primary contributions:
1) We propose a cross-domain two-tower framework, Map-2T, that
leverages pretrained music and podcast embeddings to address the
domain-level cold-start problem in audiobook recommendation.
2) We design a feature-gated fusion mechanism that dynamically
balances long-term stylistic preferences from music with topical
coherence from podcasts, outperforming naive concatenation by
+6.7% Precision@3. 3) Through large-scale offline evaluation on
millions of real-world interactions, we demonstrate substantial gains:
across multi-signal user cohorts, Map-2T improves Precision@3
by over +100% relative to popularity baselines and remains robust
under missing or imputed modalities. 4) Our online A/B test evalua-
tion, conducted in the US marketplace with millions of customers,
demonstrates a ∼10% incremental improvement in first audiobook
listens relative to the popularity-based baseline.

2 Related Work
Personalization across emerging content domains draws upon a long
line of research in recommender systems, from early work on transfer
learning for cold-start users to recent advances in cross-modal and
large-scale architectures. Yet, most existing studies assume at least
minimal user interaction in the target domain, leaving the domain-
level user cold-start problem largely unexplored. This section reviews
prior efforts that inform our approach.

Cross-domain recommendation (CDR) leverages behavioral or
content signals from related domains to mitigate sparsity [20]. Early
approaches such as Collective Matrix Factorization (CMF) [26] share
latent factors across domains with overlapping entities, while later
neural models incorporate cross-layer connections or joint metric con-
straints to enable bidirectional feature transfer [6, 8, 16, 17]. Graph-
based extensions propagate signals through domain graphs [14, 32],
and adversarial methods aim to learn domain-invariant embeddings
by reducing distribution gaps [7, 15]. These methods nevertheless

assume shared users, shared items, or established interaction struc-
tures. Map-2T instead targets the stricter case where the audiobook
domain is newly introduced with no interactions at all, constructing
representations solely from pretrained music and podcast encoders.

A closely related line of research focuses on using transfer learn-
ing to handle cold-start users who lack historical interactions in
a given domain. Traditional collaborative and content-based ap-
proaches [12, 25] struggle in this regime due to the absence of
explicit feedback. Neural transfer learning methods such as EM-
CDR [17] and TMCDR [33] learn an explicit mapping function from a
source-domain user embedding to a target-domain embedding, using
overlapping users as anchors. Subsequent models—PTUPCDR [34]
and SSCDR [10]—extend this paradigm through meta-learning or
semi-supervised objectives to better generalize across users. Meta-
learning approaches like MeLU [13] and MAMO [5] adaptively
fine-tune user models in a few-shot setting, but these methods incur
significant retraining costs and rely on user-specific adaptation. Map-
2T departs from these frameworks in both design and assumption.
Instead of learning a transfer function or meta-network, it employs
frozen modality-specific user towers pretrained on mature domains
(music and podcasts) and fuses their outputs via a lightweight gating
mechanism. This design enables zero-shot transfer to the audiobook
domain without requiring overlapping users, auxiliary adaptation
data, or per-user fine-tuning—making it more scalable and better
aligned with industrial scale.

Unlike short-form content like music or video clips, audiobooks
and long-form media pose unique challenges due to sparse engage-
ment patterns and higher user commitment [18, 31]. These proper-
ties make learning user preferences from co-consumption patterns
difficult. Spotify’s 2T-HGNN model [2] addresses this by construct-
ing a heterogeneous item graph linking podcasts and audiobooks,
jointly optimized with a two-tower retrieval framework. Parallel
efforts in podcast recommendation [30] and contextual long-form
retrieval [3, 11] emphasizes the importance of intent understanding
and narrative structure. Map-2T extends this line of inquiry to an
even earlier stage—the pre-graph regime—where a new domain (e.g.,
audiobooks) lacks sufficient co-listening data to construct reliable
item graphs or fine-tune retrieval models.

3 Map-2T: Cross-Domain Two-Tower Architecture
for Cold-Start Audiobook Recommendation

This section presents Map-2T, a modular dual-tower retrieval model
that transfers user preference signals from mature modalities (music,
podcasts) into the audiobook domain.

3.1 Problem Formulation
We formalize cross-domain audiobook recommendation as a repre-
sentation retrieval problem, where user preferences inferred from
established modalities (music and podcasts) are transferred to a newly
introduced content domain (audiobooks). Let U denote the set of
users and A the catalog of audiobooks. Our goal is to learn:

𝑠 (𝑢, 𝑎) = 𝑓𝜃 (𝑢, 𝑎) ∈ R,
2
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(a) Music → Audiobook (Stylistic Continu-
ity): User engaging with emotionally reso-
nant music such as “Fix You” by Coldplay
often transition to audiobooks with simi-
lar affective tone, e.g., “It Ends With Us”
by Colleen Hoover. This reflects a stylistic
pathway where mood and emotional inten-
sity guide cross-domain recommendation.

(b) Podcast → Audiobook (Semantic Conti-
nuity): Listeners of topic-focused podcasts
such as The Huberman Lab (neuroscience
and wellness) show higher affinity for se-
mantically related audiobooks like “Why
We Sleep” by Matthew Walker, PhD. This
represents semantic continuity based on
conceptual overlap.

(c) Combined Music + Podcast → Audiobook (Com-
plementary Fusion)

Figure 1: Cross-domain behavioral pathways connecting music, podcasts, and audiobooks demonstrate complementary fusion, where
affective and semantic signals jointly predict self-improvement audiobooks like “Atomic Habits” by James Clear or “The Subtle Art of
Not Giving a F*ck” by Mark Manson. Together, these panels highlight how stylistic, semantic, and multimodal cues collectively motivate
cross-domain recommendation in Map-2T.

that predicts ratings for audiobooks 𝑎 ∈ A for user 𝑢 such that those
most aligned with the user’s cross-modal preferences receive higher
scores.

User–modality interactions. Each user 𝑢 is associated with a
history of items consumed in two auxiliary modalities:

H (𝑚)
𝑢 = {𝑖 (𝑚)

1 , 𝑖
(𝑚)
2 , . . . , 𝑖

(𝑚)
𝑛
(𝑚)
𝑢

}, H (𝑝 )
𝑢 = {𝑖 (𝑝 )1 , 𝑖

(𝑝 )
2 , . . . , 𝑖

(𝑝 )
𝑛
(𝑝 )
𝑢

},

from which we extract top-𝑘 engagement signals (e.g., most listened
artists or most played podcasts). Each entity has a pretrained em-
bedding x(𝑚)

𝑖
! ∈!R𝑑𝑚 or x(𝑝 )

𝑖
! ∈!R𝑑𝑝 . We obtain compact modality

representations via mean aggregation:

x(𝑚)
𝑢 =

1
𝑘𝑚

𝑘𝑚∑︁
𝑖=1

x(𝑚)
𝑖

, x(𝑝 )𝑢 =
1
𝑘𝑝

𝑘𝑝∑︁
𝑖=1

x(𝑝 )
𝑖

.

Together, they form a compact behavioral summary of user identity
across modalities.

Audiobook representation. Each audiobook 𝑎 ∈ A is initialized
with a pretrained text embedding x𝑎 ∈ R𝑑 derived from its metadata
(title, author, and description). These embeddings serve as semantic
anchors and are refined during training to align with cross-modal
user representations.

Scoring and retrieval objective. The model maps users and au-
diobooks to a shared latent space and computes preference via
dot-product::

𝑠 (𝑢, 𝑎) = u⊤𝑢 v𝑎 .
Training uses positive audiobook engagements with a temperature-
scaled softmax loss [4, 29] to align users with relevant audiobooks
and push away non-relevant ones. This objective encourages user
representations to align with the audiobooks they engage with and
diverge from non-relevant ones.

Domain-level cold-start setting: Unlike standard cross-domain
recommendation [8, 17], our setting is a stricter domain-level cold-
start case: (i) users have no audiobook history, (ii) music and podcast
encoders are pretrained independently with no parameter sharing,
and (iii) alignment across modalities must be learned solely from
audiobook feedback.

Design choices: We bootstrap personalization entirely from ex-
isting cross-modal behavior. We (1) freeze pretrained music/podcast
towers and train only lightweight projection and gating layers to
preserve behaviors and reduce cost, (2) first calibrate modality em-
beddings via affine alignment and normalization before fusing them
to avoid scale mismatch, and (3) explicitly model missing-modality
cases through imputation so the same system serves music-only,
podcast-only, and multi-signal users.

3.2 Architecture Overview
Map-2T adopts a dual-tower retrieval design (Figure 2), consisting
of a User Tower that aggregates multi-modal user representations
and an Item Tower that refines audiobook representations for re-
trieval alignment within a shared latent space R𝑑 . All modules are
lightweight and operate on pretrained embeddings, enabling scalable
deployment in production environments [4, 19].

3.2.1 User Tower: Modality-Aware Fusion. Users express comple-
mentary behavioral patterns across music and podcast modalities.
The User Tower processes these two signals through dedicated towers
before integrating them via a feature-gated fusion mechanism.

Music-side user representation. The music-domain input 𝑥 (𝑚) ∈
R𝑑𝑚 encodes a user’s aggregate stylistic profile. To align it with the
shared space, a linear projection followed by feature-wise calibration

3
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Figure 2: Map-2T Architecture: The framework consists of
two-tower setup: a User Tower (left) that integrates modality-
specific user representations and an Item Tower (right) that
refines audiobook embeddings for alignment in a shared latent
space R𝑑 .

is applied:

𝑧 (𝑚) =𝑊𝑚𝑥
(𝑚) + 𝑏𝑚, 𝑧 (𝑚) = 𝛾 (𝑚) ⊙ 𝑧 (𝑚) + 𝛽 (𝑚) ,

where 𝑊𝑚 ∈ R𝑑×𝑑𝑚 and 𝛾 (𝑚) , 𝛽 (𝑚) ∈ R𝑑 are learnable affine pa-
rameters. A residual feed-forward network refines the calibrated
features:

𝑢 (𝑚) = LN
(
𝑧 (𝑚) + 𝑓FFN (𝑧 (𝑚) )

)
.

This design, conceptually similar to [23], corrects for scale and shift
mismatches between pretrained spaces while preserving long-horizon
stylistic identity.

Podcast-side user representation. Podcast-derived representations
𝑥 (𝑝 ) ∈ R𝑑𝑝 capture users’ topical focus and cognitive intent—what
subjects they choose to listen to and how they engage with them. To
retain this semantic richness while enabling flexible adaptation, we
process 𝑥 (𝑝 ) through two parallel feed-forward transformations that
capture complementary views of the signal:

ℎ (1) = 𝑓FFN1 (𝑥
(𝑝 ) ), ℎ (2) = 𝑓FFN2 (𝑥

(𝑝 ) ).
A learnable gating mechanism determines, for each feature dimension,
how to combine these two perspectives. The gate is computed as:

𝑔 = 𝜎
(
𝑓gate (𝑥 (𝑝 ) )

)
,

where 𝑓gate is a lightweight feed-forward transformation followed
by a sigmoid activation that outputs weights 𝑔 ∈ [0, 1]𝑑𝑝 . Each
gate dimension thus reflects how much the model should rely on
the abstract path ℎ (1) versus the concrete path ℎ (2) . The gated
combination is then obtained as:

𝑢̃ (𝑝 ) = 𝑔 ⊙ ℎ (1) + (1 − 𝑔) ⊙ ℎ (2) .
The blended representation is refined through a residual normal-

ization layer:

𝑢 (𝑝 ) = LN
(
𝑢̃ (𝑝 ) + 𝑓FFN (𝑢̃ (𝑝 ) )

)
.

Intuition. This mixture-of-paths formulation functions as a soft
mixture-of-experts [8, 9], where the gating vector performs fine-
grained, per-dimension arbitration between different semantic ab-
stractions. By dynamically weighting these transformations, the
model can emphasize topical coherence for certain listeners (e.g.,
science or business enthusiasts) while maintaining generalization for
more stylistically diverse users.

Feature-gated fusion. The modality-specific vectors 𝑢 (𝑚) , 𝑢 (𝑝 ) ∈
R𝑑 are combined through an adaptive, per-feature gate that captures
complementarity and disagreement between modalities:

𝑧 = [𝑢 (𝑚) ∥ 𝑢 (𝑝 ) ∥ |𝑢 (𝑚) − 𝑢 (𝑝 ) | ∥ 𝑢 (𝑚) ⊙ 𝑢 (𝑝 ) ],

𝛼 = 𝜎
(
𝑊2𝜙 (𝑊1𝑧 + 𝑏1) + 𝑏2

)
, 𝛼 ∈ [0, 1]𝑑 ,

𝑢 = 𝛼 ⊙ 𝑢 (𝑚) + (1 − 𝛼) ⊙ 𝑢 (𝑝 ) .
The absolute difference term accentuates divergence, while the
Hadamard product rewards alignment, allowing the fusion gate 𝛼 to
prioritize stylistic (music) or semantic (podcast) cues per dimension.
Unlike static concatenation or domain-level weighting [16, 17], this
formulation performs fine-grained, context-sensitive blending.

When podcast histories are unavailable, we assign a representa-
tive embedding corresponding to the most popular podcast in the
corpus. This choice is guided by empirical observation: users without
explicit podcast engagement tend to exhibit behavioral similarity to
those consuming widely popular shows. Using this representative
embedding ensures full user coverage while maintaining semantic
consistency across the podcast sub-tower, allowing the fusion gate to
learn modality interactions without introducing distributional shifts.

3.2.2 Item (Audiobook) Tower. Audiobook representations are ini-
tialized from pretrained text embeddings 𝑥 (𝑎𝑏 ) ∈R𝑑 based on title
and author metadata. These are refined through two complementary
feed-forward adapters:

ℎdense = 𝑓FFNdeep (𝑥
(𝑎𝑏 ) ), ℎlight = 𝑓FFNshallow (𝑥

(𝑎𝑏 ) ),

whose outputs are concatenated and mixed:

𝑧 = 𝑓mixer ( [ℎdense ∥ ℎlight ]), 𝑣 = LN(𝑧 + 𝑥 (𝑎𝑏 ) ).

The shallow branch maintains the pretrained semantic geometry es-
sential for zero-shot generalization, while the denser branch provides
controlled adaptation for retrieval performance. Residual addition sta-
bilizes training by constraining updates to low-magnitude deviations
from the original embedding [1].

3.2.3 Training Objective. We train the model using a standard two-
tower retrieval setup with temperature-scaled cosine similarity and
a softmax cross-entropy loss [4, 29]. To improve generalization,
we add three lightweight regularizers: (i) label smoothing [28] to
reduce overconfidence, (ii) a KL divergence term [21, 27] that pulls
predictions toward a tempered popularity prior, and (iii) an entropy
bonus [22] that encourages score diversity and broader coverage.
The final objective is:

Ltotal = Lretrieval + 𝜆lsLsmooth + 𝜆klLpop_reg + 𝜆entLdiv,

where 𝜆ls, 𝜆kl, and 𝜆ent control the relative contribution of each
regularizer.

4
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4 Empirical Evaluation
We evaluate Map-2T across multiple user cohorts, baselines, and ab-
lation settings to quantify the effectiveness of cross-modal alignment.
Let U denote the set of all audiobook users, and U𝑚 ⊂ U, U𝑝 ⊂ U
represent users with music and podcast histories, respectively. We
further define:

U𝑚∩𝑝 = U𝑚 ∩U𝑝 , U𝑚\𝑝 = U𝑚 \ U𝑝 ,

Multi-signal users (U𝑚∩𝑝 ) engage with both music and podcasts
on the platform. Their histories provide complementary behavioral
cues. This subset represents the ideal case for cross-domain rec-
ommendation, as both modalities contribute to user representation.
Single-signal users (U𝑚\𝑝 ) have rich music activity but no recorded
podcast engagement. In practical terms, they reflect the majority
cold-start population, where cross-domain information is partially
missing. For such users, we impute the missing podcast embedding
with a neutral centroid representation (computed from the most
popular podcasts) to preserve dimensional consistency and enable
inference.

All results are reported in relative terms with respect to the
strongest non-parametric baseline.

5 Experimental Setup
Training and data variants. We train Map-2T on U, the full
audiobook customer base, where users without podcast histories (𝑢 ∈
U𝑚\𝑝 ) are assigned an imputed podcast embedding computed as the
centroid of the most frequently streamed podcast representation. This
approach preserves embedding dimensionality and allows inference
for users with partial modality coverage. During evaluation, we
distinguish between two data configurations:

• Map-2T(imputed_p): all users use imputed podcast em-
beddings, simulating the most challenging cold-start setting
where true podcast histories are absent;

• Map-2T(full): only users missing podcast signals are im-
puted, preserving authentic cross-domain structure for oth-
ers.

Baselines. We benchmark against two production-oriented baselines
representing popularity-driven and co-occurrence-based paradigms.

• Popularity. A frequency-based ranking model that always
recommends the most consumed audiobooks across the
platform.

• ColloPop (Artist-based Collocation with Popularity Weight-
ing). For each audiobook 𝑎, ColloPop identifies music artists
co-consumed by users who also listened to 𝑎, constructing
an implicit artist–audiobook association matrix. The score
for recommending audiobook 𝑎 to user 𝑢 is defined as:

𝑠 (𝑢, 𝑎) =
∑︁
𝑖∈A𝑢

coocc(𝑖, 𝑎) · pop(𝑎)𝛼 ,

where A𝑢 is the set of artists listened to by 𝑢, coocc(𝑖, 𝑎)
is their co-occurrence count, and pop(𝑎) is audiobook pop-
ularity with smoothing exponent 𝛼 .This hybrid heuristic
highlights artists strongly linked to an audiobook while
using global popularity to reduce long-tail sparsity.

Table 1: Relative improvements (%) over the Popularity baseline
across models and metrics at different 𝐾 .

Models K Relative Improvement (%)
Precision Recall F1 Score Hit Rate

Collopop-Artist 3 +11.5 +17.2 +15.7 +19.9
Map-2T (imputed_p) 3 +20.2 +13.6 +16.2 +12.8
Map-2T (full) 3 +26.3 +28.3 +28.8 +24.5
Collopop-Artist 5 +7.6 +4.7 +6.2 +9.2
Map-2T (imputed_p) 5 +18.9 +1.4 +1.6 –0.1
Map-2T (full) 5 +24.2 +14.3 +19.4 +10.8

Figure 3: Relative comparison at 𝐾 = 3 for users with both music
and podcast histories. Bars represent percentage improvements
of Map-2T over popularity and ColloPop-Artist baselines across
Precision, Recall, F1, and Hit Rate.

5.1 Results
Empirical results (Table 1) reveal a consistent pattern: Map-2T(full)
delivers the strongest performance across all evaluation metrics
and retrieval depths, outperforming both popularity-based and non-
parametric co-occurrence baselines. Its gains are most pronounced in
precision and recall, indicating that cross-modal alignment reliably
surfaces audiobooks aligned with user intent rather than merely pop-
ular items. The imputed variant follows the same trend, maintaining
sizeable improvements despite missing-modality inputs—evidence
that the learned representation space captures transferable behavioral
signals rather than overfitting to fully observed cases. Overall, the
results show that lightweight fusion provides stable benefits even
as candidate sets expand, offering a scalable and modality-robust
alternative to harder-to-deploy graph or fully retrained architectures.

5.1.1 Evaluation on Music and Podcast Signals. For users who en-
gage with both music and podcasts, the system has access to its
richest behavioral signal: music offers stylistic and mood preferences,
while podcasts capture narrative and topical interests. This com-
bined profile allows the recommender to construct a denser, more
semantically grounded representation of user intent. As shown in Fig-
ure 3, Map-2T leverages this complementary information to achieve
consistently large gains over both popularity and ColloPop-Artist
across Precision, Recall, F1, and Hit Rate. The pattern indicates
that cross-modal fusion is extracting genuinely non-redundant cues
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Figure 4: Relative improvements (%) at 𝐾 = 3 for users with
both music and podcast histories. Map-2T(music_podcast) out-
performs both the popularity and ColloPop-Podcast baselines
across all metrics.

from the two modalities, yielding sharper and more reliable ranking
performance than co-occurrence–based approaches.

5.1.2 Expanded Evaluation against Podcast-based ColloPop Model
and Impact of Podcast Signals on Training. To precisely quantify
the contribution of podcast signals during training, we construct
a reduced yet semantically rich dataset containing only users with
both music and podcast histories. To contextualize improvements,
we extend the ColloPop framework to a ColloPop-Podcast variant
that leverages co-listening relationships among podcasts instead of
artist co-occurrences. This baseline captures topical similarity in
spoken-word media but does not align these signals with musical
behavior, providing a strong unimodal reference for comparison.

When trained solely on users with complete multi-modal histo-
ries, Map-2T(music_podcast) yields consistent and significant gains
across all evaluation metrics. At 𝐾 = 3, it achieves approximately
+120% Precision and +70% Recall improvements over the pop-
ularity baseline, while outperforming the podcast-only ColloPop
variant by roughly +55% Precision and +30% Recall. This reveals
that podcast signals act as powerful complementary features. When
both signals are modeled jointly, the learned embeddings capture
behavioral depth: a fusion of how users feel and what they seek cog-
nitively. This combination yields semantically coherent user vectors
that generalize across diverse audiobook themes and authorial styles.

Training exclusively on dual-signal users also alters the geometry
of the learned representation space. From an operational perspective,
these gains are noteworthy. Map-2T achieves substantial quality
uplift through lightweight multi-modal alignment, requiring no
additional supervision or architectural retraining.

5.2 Ablation on Input Modalities
To disentangle the contribution of each modality, we progressively
extend from a single-signal baseline to multi-modal variants, quanti-
fying relative improvements in ranking performance across precision,
recall, F1, and hit rate metrics.

Starting from Music Signals. Using music-only embeddings
establishes a strong baseline given their ubiquity and long-term
behavioral stability. Extending this model to incorporate audiobook

interactions yields minimal change (Precision: +0.2%), suggesting
that architectural augmentation without new behavioral evidence
offers limited benefit. However, integrating podcast histories pro-
duces notable gains: Precision increases by +13.1%, F1 by +4.7%,
and Hit Rate by +2.5%. These improvements indicate that podcast
signals inject semantically aligned contextual cues that refine ranking
calibration and broaden personalization coverage. In essence, while
music embeddings effectively capture enduring taste patterns, their
discriminative power plateaus without cross-modal enrichment.

Starting from Podcast Signals. When beginning with podcast-
only representations, which are thematically closer to audiobooks,
we observe stronger initial alignment and higher precision relative to
music-only inputs. Incorporating audiobook data further enhances
performance, yielding improvements of +34.6% in Precision, +26.1%
in F1, and +16.8% in Hit Rate. Adding music signals amplifies these
effects substantially, culminating in +52.6% Precision, +38.5% F1,
and +27.7% Hit Rate compared to the podcast-only variant. These
results reveal two complementary dynamics: podcasts provide seman-
tic proximity and fine-grained topical alignment with audiobooks,
whereas music contributes broad behavioral coverage that enhances
recall and robustness. The combination of both allows the model to
construct richer, more balanced user representations that generalize
effectively across content modalities and intent dimensions.

Together, these findings confirm that modality complementarity is
critical for robust cross-domain recommendation: podcasts enhance
semantic alignment, while music broadens behavioral scope, and
their integration yields superior overall generalization.

5.2.1 Ablation on Fusion Strategies: Concatenation vs. Gated Fusion.
Beyond the choice of input modalities, an equally important consider-
ation is how to combine them. We compare two fusion strategies: (1)
a simple concatenation of modality embeddings, and (2) a learnable
gated fusion mechanism that adaptively reweights each modality’s
contribution on a feature-wise basis.

While both approaches yield comparable overall coverage, gated
fusion consistently improves ranking sharpness at the top of the list.
Precision@3 rise corresponds to a relative improvement of +6.7%,
while HitRate@3 remains nearly unchanged . This pattern suggests
that gated fusion enhances the prioritization of relevant items rather
than expanding the retrieval set. By learning to amplify predictive
dimensions (e.g., podcast features aligned with audiobook semantics)
and suppress less informative ones, the gating mechanism enables
fine-grained modulation across modalities.

Overall, these results highlight that the benefit of gating lies
not in increasing recall, but in improving ranking calibration and
confidence—key for practical recommendation scenarios where
precision at the top-𝐾 directly drives engagement and trust.

6 Conclusion
This work investigated how cross-domain behavioral signals from
music and podcasts can be effectively leveraged to enhance audiobook
recommendations in cold-start settings. Empirically, we observed
that the two modalities contribute complementary strengths: music
embeddings capture stable, long-term user preferences that broaden
recommendation coverage, while podcast embeddings provide se-
mantically aligned cues that sharpen ranking precision. Together,
they enable richer and more discriminative user representations that
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transfer effectively across content boundaries. From an industry
perspective, these findings highlight the practical utility of embed-
ding alignment and lightweight fusion as scalable mechanisms for
improving personalization under data sparsity. A key limitation of
this study lies in the absence of a large, publicly available benchmark
for cross-modal and audio-centric recommendations. Developing
such shared, multimodal datasets would represent an important con-
tribution for the community, enabling reproducible research and
standardized evaluation of cross-domain models.
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