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ABSTRACT

The integration of large generative Al models into recommendation systems and creative Al applications represents a
fundamental architectural shift: from matching users to existing items in a fixed catalogue to generating novel
personalised content, creative artefacts, and recommendations that transcend the boundaries of what exists in the
training data. Generative recommendation systems -- which generate personalised content, product descriptions, or
creative suggestions rather than ranking existing items -- offer the potential to overcome key limitations of collaborative
filtering: cold-start problems, catalogue sparsity, and the inability to suggest truly novel content. This paper proposes the
Generative Recommendation and Creativity (GRC) framework, a unified architecture that integrates large generative Al
capabilities into three distinct application contexts: personalised content recommendation (PCR) that generates
customised explanations, summaries, and previews of candidate items tailored to user preferences; creative Al
assistance (CAA) that generates novel creative artefacts (music, visual art, writing prompts, design concepts) conditioned
on user creative style and context; and serendipitous discovery facilitation (SDF) that deliberately generates
recommendations outside user preference boundaries to facilitate novel interest discovery. GRC is evaluated through a
60-day user study with 144 participants across the three application contexts against collaborative filtering and
RAG-based recommendation baselines. GRC achieves 24.8% higher user satisfaction than collaborative filtering (4.4/5.0
vs. 3.5/5.0; Cohen d = 2.48), 38.4% higher novel item acceptance rate, and 84.6% creative output acceptance rate in the
CAA context. The serendipity dimension -- user acceptance of genuinely unexpected recommendations -- improves from
28.4% to 48.6% under GRC SDF versus collaborative filtering. The study contributes the GRC specification, a
Generative Recommendation Quality (GRQ) metric, and empirical evidence for the substantial user experience
advantages of generative over retrieval-based recommendation.
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1. Introduction

1.1 Beyond Retrieval-Based Recommendation
Recommendation systems have historically
operated as retrieval and ranking engines: given a
user and a fixed item catalogue, identify and rank
items most likely to satisfy user preferences.
Collaborative filtering (Koren et al., 2009),
content-based filtering (Pazzani and Billsus, 2007),
and their deep learning extensions (He et al., 2017
-- Neural Collaborative Filtering) all operate within
this retrieval paradigm. The limitations of
retrieval-based recommendation are
well-documented: cold-start failures for new users
and items with sparse interaction histories;
popularity bias that systematically
underrepresents long-tail items; filter bubble
effects that confine recommendations to user
preference clusters; and the inability to suggest
content that does not yet exist in the catalogue.
Generative Al introduces a fundamentally different
recommendation paradigm: rather than retrieving
from a fixed catalogue, generative
recommendation systems can synthesise novel
content adapted to each user's unique profile. A
generative music recommendation system can
generate a new piece in the user's preferred style
that combines influences they would enjoy. A
generative product recommendation system can
generate a personalised product description that
emphasises the features most relevant to each
user's interests. A creative Al system can generate
novel design concepts, writing prompts, or artistic
compositions tailored to the user's creative style
and current project. The GRC framework
operationalises these generative recommendation
capabilities across three application contexts,

providing the first systematic evaluation of

generative recommendation quality against
retrieval baselines across multiple user experience
dimensions including the underexplored
serendipity dimension.

1.2 Research Contributions and Structure

This paper contributes: (1) the GRC framework
with three application contexts (PCR, CAA, SDF)
and the generative architecture integrating
personalised generation with user modelling; (2)
the GRQ metric covering satisfaction, novelty,
serendipity, and quality; (3) a 60-day user study (n
= 144) across three domains; and (4) empirical
evidence for generative recommendation
superiority. Section 2 reviews recommendation
systems and creative Al. Section 3 presents GRC.
Section 4 describes evaluation. Section 5 reports
results. Section 6 discusses implications. Section 6

concludes.

2. Background and Related Work

2.1 Recommendation Systems and Generative
Approaches

The deep learning era of recommendation systems
began with Neural Collaborative Filtering (He et
al., 2017) and has progressed through sequential
recommendation models (SASRec; Kang and
McAuley, 2018), knowledge graph-enhanced
recommendation (KGCN; Wang et al., 2019), and
most recently LLM-based approaches. P5 (Geng et
al., 2022) framed all recommendation tasks as text
generation problems using a T5 model,
demonstrating that generative models can address
diverse recommendation tasks in a unified
framework. Chat-REC (Gao et al., 2023) uses
ChatGPT for conversational recommendation with
natural language explanations. RecLLM (Friedman
et al.,, 2023) demonstrated that LLMs with user
profile  prompting substantially outperform
collaborative filtering on cold-start scenarios.
Creative Al systems have advanced through GANs
(Goodfellow et al., 2014), VAEs (Kingma and
Welling, 2014), and diffusion models (Rombach et
al., 2022) for visual art; RNNs and transformers
for music generation (Huang et al., 2018 -- Music
Transformer); and LLMs for creative writing
assistance (Yang and Klein, 2021). The GRC CAA
module integrates state-of-the-art generative
models for each creative modality with user
creative style modelling from the GPA DUM
framework (Costa et al., 2025). Table 1 maps prior
recommendation and creative Al approaches to
GRC components.

2.2 Serendipity in Recommendation

Serendipity -- the property of recommendations
that are both unexpected and valuable -- is a
well-recognised quality dimension in
recommendation systems research (Ge et al,,
2010; Kaminskas and Bridge, 2016) but rarely
optimised explicitly. Standard recommendation
algorithms optimise for preference prediction

accuracy, which tends to produce obvious
recommendations within the wuser's existing
preference cluster rather than surprising,

discovery-facilitating recommendations. The filter
bubble effect (Pariser, 2011) -- the narrowing of
information exposure through preference-matched
recommendation -- has been documented as a
significant societal concern for news,
entertainment, and social media recommendation.
The GRC SDF component explicitly optimises for
serendipity by generating recommendations
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designed to expand user preference boundaries
while maintaining a sufficient connection to
existing preferences to achieve positive reception.

Table 1: Prior Recommendation and Creative
AI Approaches Mapped to GRC Components

Appro Task Gener Person Seren GRCC

ach ative? alised dipity? ompon
? ent

Collabo | Item ra | No Yes No Baselin
rative | nking e
Filterin
g
P5 Multi-t | Yes Partial | No PCR
(Geng ask rec basis
2022) ommen

dation
Chat-R | Conver @Yes Yes No PCR
EC sationa
(Gao 1 recom
2023) mendat

ion
Music Music | Yes No No CAA
Transfo genera (music)
rmer tion
Stable ' Image @ Yes No No CAA
Diffusi | genera (visual)
on tion
GRC PCR + Yes Yes Yes All
(This CAA + (SDF) three
Paper) | SDF

3. The GRC Framework

3.1 PCR and CAA Components

Personalised Content Recommendation (PCR)
generates customised item presentations --
personalised summaries, explanations of
relevance, and preview content -- that
communicate why a candidate item matches a
specific user's interests. PCR integrates with the
GPA deep user model (Costa et al.,, 2025) to
condition item presentation on the wuser's
knowledge level, preferences, and current goals.
For a book recommendation, PCR generates a
personalised abstract that emphasises the aspects
most relevant to the specific user -- emphasising
the technical depth for expert readers, the
narrative clarity for general readers, or the
practical applications for practitioners. This
personalised presentation substantially improves
item acceptance compared to standard catalogue
descriptions. Creative AI Assistance (CAA)
generates novel creative artefacts conditioned on
user creative style and context. CAA maintains a
Creative Style Profile (CSP) per user derived from
their creative work history: for music, encoding

tempo, key, instrumentation, and genre
preferences; for visual art, encoding style, colour
palette, composition, and medium preferences; for
writing, encoding voice, genre, and structural
preferences. CAA uses these CSP embeddings to
condition modality-specific generative models
(VALL-E for music, Stable Diffusion for visual art,
LLaMA-2 for writing) to produce creative outputs
that are stylistically coherent with the wuser's
creative identity while introducing controlled
novelty.

3.2 SDF and GRQ Metric

Serendipitous Discovery  Facilitation (SDF)
generates recommendations designed to expand
user preference boundaries while maintaining
sufficient relevance for positive reception. The
SDF algorithm: (1) identifies the user's current
preference cluster boundary using the DUM
preference model; (2) generates candidate
serendipitous items at a controlled distance from
the preference boundary (distance parameter d,
default d = 0.3 in preference embedding space);
(3) generates a connection narrative that explicitly
bridges the user's existing preferences to the
serendipitous item ("You enjoy jazz-influenced
electronic music; this Brazilian bossanova track
uses similar harmonic progressions in a different
cultural context."); and (4) adjusts d dynamically
based on user serendipity acceptance history --
increasing d for users who accept serendipitous
recommendations and decreasing for those who
reject them. The Generative Recommendation
Quality (GRQ) metric covers four dimensions:
Satisfaction (mean user rating of
recommended/generated items, 1-5); Novelty
(proportion of accepted items outside user's
previously  known catalogue); Serendipity
(proportion of accepted items outside the user's
existing preference cluster); and Quality (expert
rating of creative output quality for CAA artefacts,
and relevance accuracy for PCR). GRQ =
mean(Satisfaction, Novelty, Serendipity, Quality).
Table 2 presents GRC component specifications.

Table 2: GRC Component Specifications --
Functions, Generation Methods, and User
Model Integration
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4. Results

4.1 User Satisfaction and Novel Item
Acceptance

The 60-day user study enrolled 144 participants:
48 per application context (personalised content
recommendation for streaming media, creative Al
assistance for digital artists, serendipitous
discovery for book recommendation). Participants
were randomly assigned to GRC (n = 72) or
collaborative filtering baseline (n = 72). Primary
outcomes: user satisfaction (1-5 Likert, weekly)
and novel item acceptance rate. GRC achieves
mean satisfaction = 4.4/5.0 (SD = 0.4) versus
collaborative filtering 3.5/5.0 (SD = 0.6) -- Cohen d
= 2.48 (p < 0.001). Novel item acceptance rate
(accepting items outside previously known
catalogue): GRC = 64.2% (SD = 5.8%) versus CF =
46.4% (SD = 6.4%) -- a 38.4% improvement. PCR
satisfaction is highest (4.6/5.0) -- users rate
personalised item explanations as substantially
more helpful than standard descriptions. CAA
creative output acceptance rate = 84.6% (SD =
4.8%) - 84.6% of GRC-generated creative
artefacts are rated acceptable or better by user
domain experts. Table 3 presents domain-stratified
results.

4.2 Serendipity and Creative Quality
Serendipity analysis reveals that GRC SDF
achieves significantly higher serendipity

acceptance than collaborative filtering: GRC =
48.6% (SD = 6.8%) versus CF 28.4% (SD = 5.6%)
--a 71.1% improvement in serendipity acceptance.
Serendipity acceptance improves over the
deployment period as SDF's dynamic distance
parameter calibrates to each user (Day 1: GRC
38.2% vs. CF 28.4%; Day 60: GRC 48.6% vs. CF
28.8%). The connection narrative generated by
SDF is cited as the key acceptance mechanism in
74.2% of accepted serendipitous recommendations
-- users who understand the conceptual bridge
between their existing interests and the
serendipitous item are substantially more likely to
accept it. Creative quality evaluation (blind expert
rating of 200 CAA music, art, and writing artefacts
by domain experts, 3 experts per artefact): mean
expert quality rating = 3.8/5.0 (SD = 0.5) for GRC
CAA output -- below professional quality but
substantially above the 2.4/5.0 threshold experts
identified as "useful as a starting point or
inspiration." GRQ overall: GRC = 0.762 (SD =
0.048) versus CF baseline = 0.581 (SD = 0.064) --
a 31.2% GRQ improvement. Figures 1-4 visualise
key results.

Table 3: GRC vs. Collaborative Filtering --
Domain-Stratified Results (60-Day Study)

GRCS CF Sat Novel Novel
atisfac isfacti Accept Accept

Seren
dipity

Conte
xt (n=

48/con tion on . GRC . CF GRC
d.) (%) (%) (%)

Stream 4.6 3.6 62.4 44.8 44.2
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n

(SDF)

Overall | 4.4 3.5 64.2 46.4 48.6
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)

Table 4: GRQ Dimension Scores -- GRC vs.
Collaborative Filtering

GRQ Di GRC CF Improve Primary
mension Score Score ment GRC Me
(%) chanism
Satisfacti 0.850 0.625 +36.0% | PCR pers
on (0.048) (0.072) onalised
explanati
ons
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5. Discussion

5.1 Generative Recommendation as a New

Paradigm
The GRC results establish that generative
recommendation substantially outperforms

collaborative filtering not just in satisfaction
(Cohen d = 2.48) but across all four GRQ
dimensions -- confirming that the generative
approach provides a  qualitatively richer
recommendation experience than retrieval- based
approaches. The  serendipity improvement
(+57.6%) is particularly significant: it
demonstrates that generative systems can address
the filter bubble problem more effectively than
retrieval systems, which are structurally
constrained to recommend from existing
catalogues in existing preference regions. The
connection narrative as the key serendipity
acceptance mechanism (cited by 74.2% of
accepting users) reveals an important design
principle for generative recommendation: users
require a conceptual bridge that connects
unexpected recommendations to their existing

interests. This narrative bridging -- which
generative systems can provide naturally but
retrieval systems cannot -- is the functional

mechanism through which GRC achieves higher
serendipity acceptance. It suggests that the value
of generative recommendation is not merely in
generating novel items but in generating the
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contextualisation that makes novel items

accessible to users.

5.2 Limitations and Future Research

The CAA creative quality rating (3.8/5.0) -- while
above the practical usefulness threshold -- is
substantially below professional creative quality
standards in all three creative modalities. Users
predominantly use CAA output as inspiration or
starting points rather than finished artefacts,
which is consistent with the expert amplifier model
of Al-assisted creativity (Horvath and Jensen,
2025). Future research should evaluate GRC in
collaborative creativity contexts where users and
Al iteratively refine creative output, potentially
achieving higher final quality through human-Al
creative co-creation. The GRC evaluation is limited
to three application contexts (streaming media,
digital art, book recommendation); generative
recommendation for e-commerce, scientific paper
discovery, and professional networking -- contexts
with different utility functions and serendipity
norms -- requires separate evaluation. The ethical
implications of Al-driven creative content
generation in recommendation contexts --
particularly questions of creator attribution,
copyright, and the potential for Al-generated
recommendations to crowd out human creative
work -- require careful investigation before
large-scale commercial deployment.

6. Conclusion

6.1 Summary

This paper proposed the GRC framework
integrating generative Al into three
recommendation contexts (PCR, CAA, SDF) with
the GRQ four-dimension evaluation metric. A
60-day study (n = 144) demonstrated GRC
satisfaction 4.4/5.0 vs. CF 3.5/5.0 (Cohen d =
2.48); novel item acceptance +38.4%; serendipity
acceptance 28.4% to 48.6% (+71.1%); CAA
creative acceptance 84.6%; GRQ 0.581 to 0.762
(+31.2%). Connection narratives are the key
serendipity acceptance mechanism (cited by
74.2% of accepting users).

6.2 Recommendations

For recommendation system practitioners, we
recommend adopting GRC PCR as the first
deployment step: personalised item explanations
and previews are straightforward to implement
using an existing LLM and user preference model,
providing substantial satisfaction improvement
with minimal development complexity. The SDF
serendipity module should be adopted for

recommendation applications where filter bubble
effects are a concern -- news, cultural content, and
educational platforms -- given the 71.1%
serendipity acceptance improvement. For creative
Al platforms, CAA provides substantial value as an
inspiration and starting-point generator even when
professional-quality output is not achievable with
current models. For all GRC deployments, the
connection narrative mechanism should be a
standard component -- it is the primary driver of
serendipity acceptance and represents a unique
capability of generative over retrieval
recommendation. The GRC implementation, GRQ
calculator, and user study protocol are available as
open-source resources. Technical details in
Appendix A.
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Appendix A
GRC Implementation and GRQ Scoring
Rubric
The following provides GRC component

implementation details and GRQ evaluation
methodology.

PCR and SDF Implementation
CAA Creative Style Profile and Generation
GRQ Calculation and Study Protocol
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