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Abstract

Large language models (LLMs) have greatly
advanced conversational systems, making Per-
sonalized Dialogue Generation (PDG) a core
direction for tailoring responses to individual
users. However, retrieval-augmented and user-
parameterization approaches typically rely on
dense user-level persona information and con-
sistent domain-level persona distributions, lead-
ing to two key challenges for scalable PDG:
sparse personas of unseen users hinder person-
alization, while domain-bound user parameters
require costly retraining across dialogue scenes.
Therefore, we argue that these limitations orig-
inate from an over-reliance on static data fit-
ting, as opposed to mastering atomic person-
alization capabilities. To this end, we propose
Meta-Collaborative Learning (MCL), a novel
learning paradigm that proactively supplements
cues via Neighbor Identifier and Booster, and
dynamically aligns responses to preferences by
Generator. By decomposing PDG into syn-
ergistic modules with iterative joint optimiza-
tion, MCL internalizes universal personaliza-
tion skills for acquiring and leveraging contex-
tual signals across diverse users and domains.
Extensive experiments validate that MCL de-
livers robust personalization under practical
unseen-user and cross-domain settings.

1 Introduction

Substantial advances in Large Language Models
(LLMs) have significantly enhanced the quality
and naturalness of modern conversational systems.
However, generic responses lack tailored adapta-
tion to distinct users, making personalization a core
demand for boosting user engagement and reten-
tion (Kirk et al., 2023; Zhang et al., 2025b). To
this aim, Personalized Dialogue Generation (PDG)
has emerged as a critical direction, with current
approaches falling into two categories: RAG-based
and user-parameterization. RAG-based methods
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Figure 1: The generalization issues of personalized dia-
logue generation for scalable deployments.

(Salemi et al., 2024; Huang et al., 2023, 2024; Tang
et al., 2024) learn to personalize generation on
related histories or personas, implicitly requiring
dense data to model user preferences. Parameteri-
zation methods (Zhong et al., 2021; Zhuang et al.,
2024; Zhang et al., 2025a) encode individuals in
specific parameters or vectors which can be loaded
based on their IDs, hinging on abundant labeled
data and consistent train-deploy distributions.

Despite impressive progress, existing models ex-
hibit inherent bottlenecks that severely limit their
scalability and hinder real-world deployment. In
practice, as illustrated in Figure 1, it is impractical
to collect comprehensive interaction data for every
potential user in advance. As a result, deployed
PDG systems must handle unseen users who are
not included during training and provide minimal
examples at test time. Such data sparsity prevents
conventional methods from adapting learned repre-
sentations to unseen users, thus resulting in a fall-
back to generic responses. Moreover, the efficacy
of user-parameterization is inherently tied to the
specific domains they are trained on. Consequently,
maintaining personalization across domains with
significant distributional gaps requires extensive,
costly retraining. These inherent constraints be-
come prominently evident when PDG models are
deployed or licensed to distinct applications, ser-
vices or client organizations.

We argue that the above generalization chal-
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lenges of existing methods stem from an over-
reliance on a rigid data-driven paradigm, which
reduces PDG to aligning static patterns. The dy-
namic and autonomous nature of real-world per-
sonalized interactions, however, necessitates PDG
systems capable of scalable, cost-effective adap-
tation. This dilemma implies that effective PDG
requires learning atomic skills of how to personal-
ize, rather than memorizing static patterns of what
to personalize. Thereby, we make the first attempt
to elevate the PDG paradigm from data-fitting to
skill-mastering, so as to ensure models themselves
learn to acquire and exploit contextual signals in
case of data sparsity or distribution shifts.

To achieve generalized PDG, models are ex-
pected to supplement personalized cues and dy-
namically align responses to user preferences. To
this end, we propose a meta-learning paradigm that
explicitly learns universal personalization skills. In-
spired by advances in LLM agents (Chowa et al.,
2026), we introduce Meta-Collaborative Learning
(MCL), a novel learning framework that inherits
the strengths of the existing approaches while miti-
gating their practical limitations.

The key insight of MCL is to address the gen-
eralization challenges via dynamic collaboration.
Concretely, it is instantiated with three coopera-
tive modules that directly map to the challenges
above: (1) a Neighbor Identifier that collects rel-
evant user–context pairs to serve as collaborative
signals; (2) a Booster that refines contexts to distill
user preferences; and (3) a Generator that produces
coherent and personalized responses conditioned
on the enhanced context. We devise an iterative
optimization scheme to optimize the Booster and
Generator jointly: the Booster learns to improve
the utility of contextual personalization cues by
exploring refinements that enhance downstream
response quality, while the Generator adapts its
generation behavior to the evolving context repre-
sentations. This interplay encourages models to
discover personalization mechanisms that general-
ize beyond specific users and domains, rather than
overfitting to memorized patterns. At deployment,
MCL operates with a lightweight, single-pass in-
ference pipeline: once neighbors are retrieved, the
enhanced context is forwarded sequentially through
the pre-trained modules. Critically, no test-time op-
timization or user-specific adapters retraining is
needed, ensuring inference latency comparable to
standard generation pipelines.

We characterize the generalized PDG task from a

domain-centric perspective and consider two prac-
tical settings. In the intra-domain generalization
testbed, both training and testing data originate
from the same dialogue dataset, including unseen
users with no prior knowledge during training, rep-
resenting the common generalization challenge in
deployed systems. In the cross-domain generaliza-
tion testbed, training and testing users come from
different dialogue domains, introducing additional
shifts in interaction styles and data distributions.
We benchmark MCL across these settings, where
intra-domain experiments assess sparsity resilience
and cross-domain experiments measure distribu-
tional robustness. Extensive results demonstrate
that MCL consistently outperforms baselines, vali-
dating its ability to deliver robust personalization
across the full spectrum of real-world deployment
challenges. Our key contributions are threefold:

• We reveal the core generalization challenges in
personalized dialogue generation, and highlight
the necessity of elevating the PDG paradigm
from data-fitting to skill-mastering.

• We propose Meta-Collaborative Learning, a
novel learning paradigm that learns atomic per-
sonalization skills via cooperative modules opti-
mized with an iterative scheme.

• Comprehensive experiments validate that MCL
enables generalized personalization across users
and domains without retraining, offering valu-
able insights for scalable adaptation.

2 Related Work

2.1 Personal Knowledge Acquisition

Personal knowledge acquisition focuses on per-
ceiving and representing user-related information
from diverse sources, such as external corpora
or ongoing conversations. This stage is funda-
mental for enabling dialogue models to capture
user context and produce coherent, personalized
responses. Existing methods can be broadly cat-
egorized into retrieval-based and representation-
learning approaches. Retrieval-based methods ex-
plicitly retrieve user-relevant records to supple-
ment the dialogue context, using lexical match-
ing or semantic similarity search to select rele-
vant information, which is then incorporated into
prompts (Salemi et al., 2024; Song et al., 2021).
Representation-learning approaches, in contrast,
encode personal attributes into learnable latent
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structures. For example, CLV (Tang et al., 2023)
employs contrastive latent variables combining
sparse and dense persona embeddings; SPT (Huang
et al., 2024) distills persona attributes into soft
prompts selectively activated by context; and MOR-
PHEUS (Tang et al., 2024) maintains role represen-
tations compactly in a persona codebook.

2.2 Personalized Generation Alignment

Building upon the acquired user knowledge, per-
sonalized generation alignment focuses on tailoring
model outputs to user-specific characteristics. Re-
cent methods primarily differ in whether the tuning
modules are shared across users or individually
assigned. Shared-module approaches train a sin-
gle fine-tuning component to encode aggregated
user information (Woźniak et al., 2024; Zhang
et al., 2024), yielding efficient yet static person-
alization, which struggles to capture individual nu-
ances. Individual-module approaches assign each
user a dedicated lightweight component: LaMP
PEFT-RAG (Salemi and Zamani, 2025) integrates
train-time fine-tuning with test-time RAG, while
PLoRA (Zhang et al., 2024) extends this design
with the combination of PKI and LoRA to inject
personalized information into LLMs. Although
some recent work has explored adaptation to users
with masked predefined profiles (Tang et al., 2024;
Liu et al., 2022), these methods operate under
overly simplified assumptions that rarely hold in
real-world commercial deployments, that the train-
ing and deployment user domains are identically
distributed and that extensive dialogue histories
are always available, highlighting the need for ap-
proaches capable of robust generalization to user
domains with shifted distributions.

2.3 Domain Generalization

Domain Generalization (DG) focuses on training
models using data from one or multiple related
but distinct source domains, with the goal of per-
forming well on target domains without access to
target-domain data during training (Zhou et al.,
2022; Wang et al., 2021). Existing DG methodolo-
gies generally fall into three categories: (1) Data
manipulation, including augmentation or synthetic
sample generation, to increase the diversity and
coverage of source domains (Shankar et al., 2018;
Zhou et al., 2021); (2) Disentangled representation
learning, which seeks to separate domain-invariant
and domain-specific features to improve transfer-
ability (Piratla et al., 2020; Ilse et al., 2019); and (3)

Learning strategies, encompassing meta-learning
to simulate domain shifts, ensemble techniques,
and reinforcement learning approaches (Hansen
and Wang, 2021; Cha et al., 2021; Lee et al., 2020).
Building upon these DG principles, our work aims
to endow PDG models with a generalization capa-
bility, enabling them to handle complex and com-
pound user scenarios that involve both data sparsity
and domain shifts.

3 Problem Formulation

We define Generalized Personalized Dialogue Gen-
eration as the task of producing coherent and user-
tailored responses for target users under realistic
generalization conditions, including unseen users
and domain-level distribution shifts.

3.1 Preliminaries and Notation

Let D denote a domain, corresponding to an inde-
pendent application or service with unique inter-
action patterns and user data characteristics. Each
user u ∈ U possesses a predefined persona Pu

in text form and engages in multi-turn dialogues
with other users, forming a conversation context
Ht = {(q1, y1), . . . , (qt−1, yt−1), qt}. The goal of
personalized dialogue generation is to generate a
response yt that aligns with u’s persona and the on-
going conversational context. We denote the sets of
seen and unseen users as Useen and Uunseen, sampled
from the source and target domains DS and DT ,
respectively, without overlapping user identities:
Useen ∩ Uunseen = ∅, Useen ∼ DS , Uunseen ∼
DT . The personalized dialogue model is param-
eterized by Θ and trained on USeen, while being
deployed on UUnseen.

3.2 Generalized PDG Tasks

To facilitate systematic study and evaluation, we or-
ganize generalized scenarios from a domain-centric
perspective1.

Task 1: Intra-domain Generalization (IDG)
Both training and target users originate from the
same domain without overlaps, representing the
prevalent data-sparsity challenge in deployed sys-
tems: y = Θ(H,P ), DT = DS . Challenge:
Generalize to unseen users within same domain.

1Henceforth, unless otherwise specified, we suppress the
turn subscript t to avoid ambiguity and use H , P , and y for
the dialogue history, profile, and the target response of user u.
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Task 2: Cross-domain Generalization (CDG)
Target users are drawn from a different domain
than the training data, introducing inherent distri-
bution shifts in interaction styles, topic distribu-
tions, and personalization patterns across domains:
y = Θ(H,P ), DT ̸= DS . Challenge: Maintain
consistent personalization under domain-level dis-
tributional gaps.

Together, these two tasks capture the core prac-
tical barriers to scalable PDG deployment high-
lighted in real-world scenarios: personalization un-
der unseen users and robustness to cross-domain
shifts. They motivate learning personalization
mechanisms that generalize beyond specific users
or domains, rather than memorizing static person-
alization patterns.

4 Methodology

4.1 Motivation

Personalized dialogue models deployed in real-
world scenarios face two fundamental challenges:
(1) generating coherent and user-aware responses
for unseen users whose preferences or profiles
are unavailable during training; and (2) maintain-
ing consistent personalization performance under
cross-domain distribution shifts. Addressing these
challenges calls for a paradigm that can leverage
transferable personalization knowledge from simi-
lar users and dynamically enrich user-specific con-
textual cues for the target user and domain context.

To this end, we propose Meta-Collaborative
Learning (MCL), a novel learning paradigm that
enables adaptive and robust personalization. As
illustrated in Figure 2, MCL decomposes personal-
ization process into three synergistic components:

• Collaborative context enrichment: Identify and
aggregate informative signals from similar users
to form enriched contextual representations for
unseen users.

• Dynamic persona refinement: Adapt and filter re-
trieved persona information to ensure consistency
and faithfulness with respect to the target user and
dialogue context.

• Tailored response generation: Generate personal-
ized responses conditioned on the refined collabo-
rative context.

MCL embodies a core Domain Generalization
principle: aligning posterior distributions to learn

domain-invariant features (Zhou et al., 2022). In-
stead of minimizing KL-divergence between poste-
riors (Lin et al., 2022), we achieve this implicitly by
aligning persona–context→response distributions
across users and domains. MCL learns personaliza-
tion skills robust to cross-domain distribution shifts,
establishing a principled DG foundation for our
approach and extending alignment concepts to per-
sonalized dialogue—demonstrating how MCL nat-
urally instantiates alignment for generalized PDG.

4.2 Architecture and Pipeline
Neighbor Identifier In real-world deployments,
a dialogue model typically accesses only sparse
user records within a given domain, without prior
knowledge of unseen users. To overcome this limi-
tation, the Neighbor Identifier ΘN is introduced
to figure out users u′ whose personal data most
closely resemble that of the target user u (with
u, u′ ∈ U ). These retrieved neighbors act as collab-
orative references, providing auxiliary signals that
enrich the target user’s context Hu and capture dia-
logue patterns within the same domain. Formally,
the resulting collaborative neighborhood is defined
as Nu = ΘN (Hu, Pu;U), serving as a foundation
for improved generalization to unseen users and
cross-domain distribution shifts.

Booster & Generator Simply incorporating
neighbor personas, however, can be suboptimal
since static profiles may lack sufficient contextual
alignment with the target user’s ongoing dialogue
content. To address this, Booster ΘB is designed
to refine the retrieved neighborhood Nu into an en-
hanced collaborative context Cu, which serves as a
dynamic and task-aware input augmentation.

Since explicit supervision for the Booster is un-
available in the dataset, we establish an implicit
learning signal through feedback from the down-
stream Generator ΘG. Specifically, for each query,
the Booster performs J stochastic trials to produce
multiple enhanced context candidates:

Cj
u = ΘB(Hu, Pu;Nu), j = 1, . . . , J. (1)

Each Cj
u consists of the refined persona and dia-

logue history of neighbor users and is subsequently
passed to the Generator, which outputs a set of
corresponding response candidates:

yj = ΘG(Hu, Pu;C
j
u), j = 1, . . . , J. (2)

Rather than treating the ground-truth response as
a unique target, we use it only as a reference for
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Figure 2: Overview of the proposed Meta-Collaborative Learning paradigm for generalized PDG.

preference construction, allowing MCL to favor
candidates that better preserve coherence, diversity,
and persona consistency instead of imitating a sin-
gle lexical form. Therefore, a reward function R(·)
is employed to evaluate the generated responses
along multiple dimensions—such as coherence, di-
versity, and persona consistency—yielding a scalar
reward that reflects the overall response quality:

rj = R(yj). (3)

These reward signals are then used to infer rel-
ative preferences among candidate contexts and
responses, providing the supervision necessary for
preference-based learning.

These two modules are optimized using a
preference alignment framework inspired by
Kahneman–Tversky Optimization (KTO) (Etha-
yarajh et al., 2024), which converts relative rewards
into likelihood-based updates rather than external
heuristic ranking. For each user u, we identify the
candidate with the highest scalar reward rj as the
positive sample (C+

u , y+) and the one with the low-
est scalar reward as the negative sample (C−

u , y−).
The loss functions are defined as follows:

LM = − 1

|U|
∑

u∈U

[
λ+
M log σ(βM∆+

M − zM )+

λ−
M log σ(zM − βM∆−

M )
]
,M ∈ {ΘB,ΘG}.

(4)
Here, (xB, oB) = (Hu, Pu,Nu;Cu) and

(xG, oG) = (Hu, Pu, Cu; y), where oB is
an enhanced context and oG is a response.
We define ∆±

M = log πM (o±M |xM ) −
log πref

M (o±M |xM ), where log πM (oM |xM ) =
|oM |−1

∑
t log πM (oM,t|xM , oM,<t) is the length-

normalized sequence log-probability. o±M denotes
the desirable/undesirable context or response
selected by R(·). πref

M is initialized from the same

backbone and kept frozen, while βM , zM , and
λ±
M denote the update scale, KL baseline, and

sample-type weights, respectively.

Iterative Co-training Optimization The
Booster and Generator are trained alternately under
an iterative optimization scheme. At each iteration
step k, the procedure unfolds as follows:

Booster Update. Freeze the current Genera-
tor Θ(k)

G . The Booster Θ(k)
B produces a set of con-

text candidates {Cj}, which are evaluated through
Θ

(k)
G ’s outputs and the reward function R(·). The

Booster is then updated as:

Θ
(k+1)
B = argmin

ΘB

LΘB
(Θ

(k)
B ; Θ

(k)
G ). (5)

Generator Update. Freeze the optimized
Booster Θ(k+1)

B . The Generator Θ(k)
G generates re-

sponse candidates {yj} conditioned on Θ
(k+1)
B ’s

enhanced context. Upon receiving the reward sig-
nals, the Generator is updated as:

Θ
(k+1)
G = argmin

ΘG

LΘG
(Θ

(k)
G ; Θ

(k+1)
B ). (6)

This iterative optimization process, summarized
in Algorithm 1, enables the model to progressively
internalize transferable knowledge from similar
users, refine contextual representations, and pro-
duce coherent, user-tailored responses, thus yield-
ing robust generalization across unseen users and
cross-domain deployments.

5 Experiments

5.1 Experimental Setup
Datasets. ConvAI2 (Dinan et al., 2019) is a
high-quality dialogue benchmark built on the
PERSONA-CHAT dataset (Zhang et al., 2018).
Synthetic-Persona-Chat (SPC) (Jandaghi et al.,
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2023) is created using the Generator-Critic frame-
work and an instruction-tuned LLM. As standard
experimental settings for evaluating user-aware
conversational models, both datasets contain con-
versations between crowd workers who are each
assigned a distinct persona, described by at least
five self-reported sentences.

Baselines. We compare our proposed MCL-
based method against several popular state-of-the-
art approaches for persona-based personalized dia-
logue generation. CLV clusters textual persona into
sparse categories and integrates them with history
via a conditional variational autoencoder for gen-
eration. SPT maintains a pool of soft prompts and
uses a learned retriever to dynamically select appro-
priate ones for each conversational context, trained
via contrastive and fusion losses to encourage diver-
sity and avoid repetitive generic responses. MOR-
PHEUS learns a persona codebook in latent space
for role representations and constructs a posterior
distribution of role embeddings from dialogue his-
tory, enabling response personalization for roles
with masked personas. LaMP PEFT-RAG inte-
grates retrieval models with a personalized LLM to
perform RAG personalization with PEFT. PLoRA
combines the PKI and LoRA to inject personalized
information into LLMs. Evaluation metrics and im-
plementation details are included in Appendix B.

5.2 Main Results

Table 1 summarizes the performance of all methods
under both intra-domain and cross-domain general-
ization settings. Overall, our MCL-based method
achieves the most consistent results across coher-
ence, diversity, and persona consistency. Averaged
over all baselines and task settings, MCL brings an
overall relative improvement of 47.9%, with gains
of 41.56% under intra-domain generalization and
54.24% under cross-domain generalization. These
results demonstrate its ability to produce fluent and
personalized responses for both unseen users and
shifted domains.

In the intra-domain setting, baseline methods
still suffer from user-level data sparsity, as their
personalization mechanisms largely rely on static
profiles, retrieved histories, or user-specific pa-
rameters. By contrast, MCL dynamically incor-
porates collaborative signals from similar users
and refines them into task-aware contexts, enabling
more reliable personalization without additional
user-specific training.

In the cross-domain setting, the advantage of
MCL becomes even more evident. Existing meth-
ods tend to rely on domain-dependent personaliza-
tion patterns and are therefore less robust under
distribution shifts. Comparing the CDG results
with the intra-domain setting in Table 1, baseline
methods experience severe performance degrada-
tion due to domain shifts, whereas MCL maintains
strong and stable personalization performance.

These results demonstrate that MCL successfully
mitigates cross-domain discrepancies by learning
atomic personalization skills, enabling robust de-
ployment without domain-specific retraining. We
conduct a human evaluation to complement the au-
tomated metrics, which is included in Appendix C.

5.3 Ablation and In-depth Analysis

Component ablation. We first examine the con-
tribution of each component in MCL. As shown
in Table 2, MCL w/o Booster exhibits notable de-
clines in coherence and diversity under domain
shift, indicating that the Booster plays a central role
in refining and reweighting contextual personaliza-
tion cues to ensure transferability across domains.
These results align with our motivation that gener-
alized PDG requires learning how to exploit con-
textual signals, rather than relying on domain- or
user-specific memorization. w/o Generator2 leads
to pronounced degradation in absolute dialogue
quality, particularly in coherence. This confirms
that the Generator is indispensable for grounding re-
sponses in fluent and persona-consistent language.
In contrast, the full MCL paradigm achieves su-
perior performance in 92% of metric-task com-
binations, demonstrating synergistic effects. The
sole exception occurs in CDG’s DIST-1, suggest-
ing the Generator’s persona-filtering may occasion-
ally over-constrain lexical diversity during domain
transfer. Overall, the Booster is crucial for acquir-
ing and distilling atomic personalization skills that
generalize across users and domains, while the
Generator ensures coherent and persona-aligned
realization of these skills.

Effect of Neighbor Identifier. To examine the
robustness of our paradigm with respect to the re-
trieval backbone used in the Neighbor Identifier, we
compare three representative methods: a lexical-
based retriever (BM25), a sparse neural retriever

2In the "w/o Generator" ablation, we directly incorporate
the Booster’s enhanced context into a vanilla LLM for genera-
tion, i.e., degrading to generic generation.
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Source → Target Method Coherence Diversity Persona-Consistency AVG↑
BLEU-1 ROUGE-L DIST-1 DIST-2 P-Co

Intra-domain Generalization (IDG)

ConvAI2 → ConvAI2

CLV 11.85 11.30 27.42 68.71 14.67 37.00%
MORPHEUS 12.67 15.18 20.47 64.42 18.64 31.25%

SPT 4.42 6.56 20.56 49.05 12.09 131.32%
LaMP PEFT-RAG 9.99 13.84 30.83 71.83 17.70 27.98%

PLoRA 8.66 14.72 30.90 73.19 17.89 31.06%
MCL 17.13 16.98 34.71 79.01 21.80 -

SPC → SPC

CLV 13.69 15.44 19.53 53.59 12.45 46.42%
MORPHEUS 12.08 15.69 24.48 67.32 14.39 34.05%

SPT 16.11 25.84 21.99 51.37 10.86 29.80%
LaMP PEFT-RAG 11.52 21.96 21.66 50.08 14.82 34.56%

PLoRA 15.49 26.70 22.74 56.11 14.63 18.18%
MCL 17.54 27.97 30.33 66.23 17.92 -

Cross-domain Generalization (CDG)

ConvAI2 → SPC

CLV 10.99 10.27 25.57 68.02 11.37 51.35%
MORPHEUS 7.97 8.28 22.83 59.38 12.17 77.42%

SPT 6.06 10.15 24.84 50.68 9.20 92.18%
LaMP PEFT-RAG 9.87 12.11 27.30 68.02 17.04 35.78%

PLoRA 11.40 17.70 28.92 68.78 17.50 17.11%
MCL 16.98 23.10 29.52 67.93 18.42 -

SPC → ConvAI2

CLV 11.35 7.52 18.90 52.06 11.93 72.88%
MORPHEUS 8.06 13.13 17.68 62.29 12.37 60.14%

SPT 11.97 22.52 24.84 50.68 11.20 32.46%
LaMP PEFT-RAG 6.53 13.53 26.46 56.22 13.76 56.74%

PLoRA 6.75 14.38 29.15 69.52 13.66 46.36%
MCL 16.95 18.95 31.89 73.47 18.28 -

Table 1: Performance comparison of baselines and Our MCL-based (blue) method on two tasks. Best results
are in bold, sub-optimal ones are underlined. AVG↑ denotes the average relative improvement of MCL over each
corresponding baseline across the five metrics.

(Splade-Index), and a dense embedding model
(GTE). As reported in Table 2, across both settings,
all variants achieve comparable performance across
metrics. Notably, although retrieval quality affects
the informativeness of collaborative signals, the
relative downstream differences among retrievers
remain marginal, and no single method consistently
dominates across all evaluation dimensions. This
suggests that MCL is not merely driven by raw
neighbor retrieval quality; instead, its collabora-
tive learning and dynamic refinement components
can mitigate moderate retrieval noise, enabling sta-
ble performance across sparse, lexical, and dense
retrieval backbones.

Effect of Reward Function. To further verify
the effectiveness of our multi-objective reward de-
sign in the iterative co-training optimization pro-
cess, we conduct an ablation study by isolating
each reward component. Specifically, we compare
three single-objective variants, i.e., optimizing only
for Coherence, Diversity, or Persona-Consistency,
against our full combination that jointly balances

all three. As reported in Table 2, single-objective
optimization often leads to trade-offs across dimen-
sions. For example, optimizing only coherence
improves BLEU and ROUGE scores but yields less
diverse or less persona-aligned responses. Simi-
larly, diversity-oriented optimization enhances lex-
ical variation at the cost of coherence and consis-
tency. In contrast, our unified reward formulation
consistently achieves a better balance across all
evaluation aspects, with notable gains in overall flu-
ency, richness, and personalization. These findings
highlight the necessity of a holistic reward signal
to guide the model towards well-rounded improve-
ments. By jointly considering several aspects, our
iterative training framework effectively harmonizes
competing objectives, resulting in more natural and
user-aligned dialogue generation under generalized
PDG challenges.

Robustness to imperfect neighbor information.
We further evaluate MCL under information flaws,
including incomplete, noisy, and misleading neigh-
bor signals. Results in Appendix D.2 show that
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Source→ Target Variant Coherence Diversity Persona-Consistency
BLEU-1 ROUGE-L DIST-1 DIST-2 P-Co

Component Ablation

ConvAI2→ ConvAI2
MCL 17.13 16.98 34.71 79.01 21.80

w/o Generator 5.91 12.05 32.12 72.54 19.43
w/o Booster 16.26 15.96 31.58 77.79 20.04

ConvAI2→ SPC
MCL 16.98 23.10 29.52 67.93 18.42

w/o Generator 10.22 16.71 29.19 65.57 18.48
w/o Booster 14.23 20.03 27.49 66.21 17.93

Neighbor Identifier

ConvAI2→ ConvAI2
BM25 16.55 16.10 34.02 79.22 21.57

Splade-Index 17.78 17.63 34.17 78.69 21.22
GTE 17.13 16.98 34.71 79.01 21.80

ConvAI2→ SPC
BM25 18.02 23.50 29.67 66.67 18.30

Splade-Index 18.75 24.68 29.88 67.88 18.28
GTE 16.98 23.10 29.52 67.93 18.42

Reward Function

ConvAI2→ ConvAI2
Coherence-only 16.34 16.76 32.75 77.18 19.76
Diversity-only 16.59 16.13 33.25 76.77 19.52
Persona-only 16.70 15.67 33.21 76.58 19.83

Ours 17.13 16.98 34.71 79.01 21.80

ConvAI2→ SPC
Coherence-only 16.89 22.38 28.89 67.72 16.97
Diversity-only 17.43 23.24 30.37 69.08 15.57
Persona-only 19.08 24.76 28.12 66.99 17.45

Ours 16.98 23.10 29.52 67.93 18.42

Table 2: Ablation and in-depth analysis of MCL. The table studies component ablation, retrieval backbones for the
Neighbor Identifier, and reward designs.

MCL maintains stable gains over baselines, sug-
gesting that the Booster can selectively distill use-
ful personalization cues rather than relying on per-
fectly matched neighbors.

6 Conclusion

In this work, we explore and tackle the critical
challenges of generalization in personalized dia-
logue generation, where models must generalize to
novel users and domains without explicit supervi-
sion. We introduce Meta-Collaborative Learning
(MCL), a novel learning paradigm that integrates
neighbor identification, collaborative context en-
richment, and preference-aligned response genera-
tion. By decomposing the personalization process
into these synergistic components and optimizing
them through an iterative co-training scheme, MCL
enables dialogue models to generalize effectively
under compound conditions involving unseen users
and domain shifts. Comprehensive experiments
demonstrate that MCL consistently enhances per-
sonalization fidelity and robustness, outperforming
competitive baselines across all metrics.

Limitations

While the findings highlight the promise of our ap-
proach, several directions remain open for future
research: (1) As the first study to extend DG ratio-
nale to personalized dialogue, MCL prioritizes ro-
bustness and generalization for realistic challenges
over minimal training complexity: although infer-
ence involves only a single forward pass with la-
tency comparable to standard PEFT-based deploy-
ments, the iterative optimization and trial-based
procedures introduce offline training cost. This
design reflects a common trade-off in personaliza-
tion systems, where increased upfront training is
indispensable for efficient and stable deployment.
Importantly, this limitation does not detract from
the empirical advantages demonstrated by MCL,
but instead highlights a natural avenue for future
exploration, such as distilling the modules for scal-
able deployment. (2) While our study focuses on
the generalizability of PDG systems, broader con-
cerns such as biases embedded in public datasets
remain outside the scope of the current study. Ex-
tending our work to explicitly mitigate such biases
in PDG represents a potential step toward more fair,
reliable, and trustworthy NLP applications.
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Algorithm 1 Iterative Co-training Optimization in
MCL
Require: User set U , Neighbor Identifier ΘN , initial Booster

Θ
(0)
B , initial Generator Θ(0)

G , reward functionR(·), num-
ber of candidates J

1: for each iteration k do
2: Sample a user mini-batch Uk ⊆ U
3: (1) Booster Update
4: for each user u ∈ Uk do
5: Retrieve neighbor setNu = ΘN (Hu, Pu;U)
6: for j = 1 to J do
7: Generate enhanced context Cj

u using Θ
(k)
B ▷

Eq. 1
8: Generate response yj using Θ

(k)
G ▷ Eq. 2

9: Compute reward rj ▷ Eq. 3
10: end for
11: Select C+

u , C−
u with highest and lowest rj

12: end for
13: Compute LB ▷ Eq. 4
14: Update Booster parameters Θ(k+1)

B ▷ Eq. 5
15: (2) Generator Update
16: for each user u ∈ Uk do
17: Obtain the enhanced context C1

u using Θ
(k+1)
B ▷

Eq. 1
18: for j = 1 to J do
19: Generate response yj using Θ

(k)
G ▷ Eq. 2

20: Compute reward rj ▷ Eq. 3
21: end for
22: Select y+, y− with highest and lowest rj

23: end for
24: Compute LG ▷ Eq. 4
25: Update Generator parameters Θ(k+1)

G ▷ Eq. 6
26: k ← k + 1
27: end for
28: return optimized Booster Θ(∗)

B and Generator Θ(∗)
G

semantically similar users, while Booster and Gen-
erator are instantiated from Llama-3.1-8B-Instruct3.
We set topk=2 neighbors per user and J=3 in all
experiments, which is the minimum number of
stochastic trials required to obtain a reliable best-
worst reward signal while keeping computation effi-
cient. This choice balances training cost and signal
quality, providing stable supervision for modules
without excessive forward passes. LaMP PEFT-
RAG is implemented by first performing PEFT on
source data to learn a global personalized LLM,
then retrieving relevant information from each tar-
get user’s own dialogue history as context for gen-
eration. The reward function R(·) is defined as
the normalized average across all five automatic
metrics introduced above. The best–worst pair of
outcomes is treated as a holistic reward signal to
guide the components towards well-rounded im-
provements.

We set the temperature to 0.1 for the final pre-

3https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

diction to ensure stability, and 0.5 for candidate
generation to promote output diversity during ex-
ploratory sampling. Consequently, only a single
forward pass is involved during inference, with
negligible inference latency (up to 210ms).

MCL retrieves neighboring users only to pro-
vide collaborative personalization signals, rather
than to copy user-specific content. All experiments
are conducted on publicly available crowdsourced
datasets with anonymized users. In practical de-
ployments, the retrieval index can be built with
standard sanitization, anonymization, and access
control, and the Booster can operate on aggregated
or k-anonymized neighbor representations.

Evaluation Metrics. We adopt a suite of estab-
lished metrics for persona-based personalized di-
alogue generation, which are categorized into the
following three dimensions:

• Coherence: BLEU-1 (Papineni et al., 2002) and
ROUGE-L (Lin, 2004) are employed to measure
lexical overlap between the generated response
and the reference response.

• Diversity: We compute the proportion of unique
unigrams and bigrams to assess the richness of
generated utterances, denoted as DIST-1 and
DIST-2, respectively (Li et al., 2016).

• Persona Consistency: The IDF-weighted word-
overlap metric Persona Cosine Comparison (P-
Co) (Song et al., 2019) evaluates the semantic
similarity between the model’s output and user
personas.

C Human Evaluation

We further conduct human evaluation to validate
whether the learned preferences translate into per-
ceived improvements. We recruit three qualified
annotators and randomly sample a total of 300 di-
alogue instances from the four formulated gener-
alized PDG tasks. Each annotator evaluates the
responses from our MCL and the strongest base-
line (PLoRA) across two key dimensions using a
0-2 Likert scale: persona-consistency (Per-Con:
how well the response aligns with the given user
profile) and coherence (how naturally it follows the
dialogue history).

The outcomes are presented in Table 3. The
Fleiss’ Kappa score 0.63, which indicates substan-
tial inter-annotator agreement, confirms that our
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Source → Target Method Per-Con Coherence

ConvAI2 → ConvAI2 MCL 1.74 1.86
PLoRA 1.70 1.62

ConvAI2 → SPC MCL 1.60 1.75
PLoRA 1.46 1.53

Table 3: Results of human evaluation.

Dataset BLEU-1 ROUGE-L DIST-1 DIST-2 P-Co

ConvAI2 +1.9% +3.6% +0.3% +1.8% +2.5%
SPC +2.1% +1.8% +0.7% +2.2% +3.3%

Table 4: Relative improvements of MCL over the
strongest competing baseline PLoRA on seen users.

automatic metric gains correlate reliably with hu-
man judgment, and strengthens the validity of our
main conclusions.

D Additional Robustness Analysis

D.1 Performance on Seen Users

Although our main experiments focus on gen-
eralized PDG scenarios involving unseen users
and cross-domain generalization, practical systems
must also serve users whose data has been ob-
served during training. Table 4 shows that MCL
remains consistently effective in this setting. The
improvements are observed on both ConvAI2 and
SPC, covering persona consistency, lexical overlap,
semantic overlap, and response diversity metrics.
These results suggest that the gains of MCL are
not limited to cold-start or transfer-oriented scenar-
ios. Rather, the collaborative optimization among
the Neighbor Identifier, Booster, and Generator
also preserves in-distribution personalization abil-
ity, making MCL applicable to deployment settings
involving both existing and new users.

D.2 Robustness Under Information Flaws

In practical PDG deployment, user profiles may
be incomplete, outdated, or expressed in different
surface forms, especially when they are derived
from static self-reports (Liu et al., 2025; Jandaghi
et al., 2023). Such imperfect profile signals make
generalized personalization more challenging, as
models must infer stable user preferences from
noisy or partially reliable evidence.

To examine this issue, we construct perturbed
profile settings by paraphrasing persona descrip-
tions4. This introduces lexical and syntactic vari-

4Specifically, persona descriptions are rewritten via

ations while preserving the underlying user at-
tributes, allowing us to test whether models can
remain robust when explicit persona signals be-
come less reliable. We evaluate both intra-domain
and cross-domain generalization under these infor-
mation flaws.

Table 5 reports results when either the source-
side profiles are perturbed. Compared with base-
lines, MCL consistently maintains stronger coher-
ence, diversity, and persona consistency across both
intra-domain and cross-domain settings. This sug-
gests that MCL does not rely on exact surface-form
matching of persona descriptions. Instead, the
Booster helps distill transferable personalization
cues from imperfect contextual evidence, making
the framework more robust to moderate informa-
tion flaws.

D.3 Dual-Side Perturbation
We further consider a more challenging setting
where both seen users and unseen users contain
perturbed persona information. This setting tests
whether MCL remains effective when collaborative
references and target-user evidence are simultane-
ously imperfect, which more closely reflects noisy
deployment conditions.

As shown in Table 6, MCL remains consistently
superior even when both collaborative references
and target-user profiles are perturbed. Although
some baselines perform well on isolated metrics,
they fail to maintain balanced performance across
coherence, diversity, and persona consistency. In
contrast, MCL achieves stable gains across all
dimensions, with average improvements ranging
from 47.84% to 155.68% over baselines. These
results further support that the Booster can filter
imperfect neighbor information and extract useful
personalization signals without relying on perfectly
matched or noise-free profiles.

rephrasing, introducing lexical and syntactic variations with-
out altering underlying user attributes.
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Source → Target Method Coherence Diversity Persona-Consistency AVG↑
BLEU-1 ROUGE-L DIST-1 DIST-2 P-Co

ConvAI2∗ → ConvAI2

CLV 10.28 9.24 30.29 68.53 11.64 52.42%
MORPHEUS 4.82 9.85 20.28 61.34 12.06 100.43%

SPT 4.14 6.09 20.90 49.72 10.18 144.07%
LaMP PEFT-RAG 9.28 12.93 26.40 70.67 17.08 36.31%

PLoRA 8.07 14.32 29.34 70.78 17.46 36.21%
MCL 17.09 16.02 34.33 77.93 22.75 -

SPC∗ → SPC

CLV 11.66 11.07 21.75 58.17 12.17 54.83%
MORPHEUS 10.94 14.13 20.91 56.49 13.08 46.40%

SPT 14.28 23.37 22.34 50.87 9.22 37.09%
LaMP PEFT-RAG 13.37 23.16 22.58 53.78 14.35 23.28%

PLoRA 15.34 26.56 20.66 54.61 14.38 19.24%
MCL 16.82 25.68 29.82 65.87 17.96 -

ConvAI2∗ → SPC

CLV 8.91 9.69 28.29 68.01 10.22 54.60%
MORPHEUS 7.03 8.81 17.09 48.01 11.83 85.32%

SPT 11.97 22.47 21.38 48.84 9.23 38.95%
LaMP PEFT-RAG 10.48 10.09 25.72 64.52 15.89 38.07%

PLoRA 10.31 18.05 26.31 61.61 15.41 21.33%
MCL 15.83 21.07 29.07 67.06 18.04 -

Table 5: Robustness under information flaws. ConvAI2∗ and SPC∗ respectively denote datasets with perturbed
profiles.

Source → Target Method Coherence Diversity Persona-Consistency AVG↑
BLEU-1 ROUGE-L DIST-1 DIST-2 P-Co

ConvAI2∗ → ConvAI2∗

CLV 9.28 9.03 20.59 58.53 10.25 79.52%
MORPHEUS 4.34 7.64 16.20 49.67 10.69 139.41%

SPT 4.09 6.12 20.67 47.57 8.93 155.68%
LaMP PEFT-RAG 12.33 12.48 20.74 54.09 15.00 47.84%

PLoRA 7.22 12.74 28.75 61.50 16.86 50.38%
MCL 16.91 15.95 34.38 79.87 24.12 -

Table 6: Performance comparison when both seen-user and unseen-user personas are perturbed. ConvAI2∗

denotes ConvAI2 with information flaws. Best results are in bold, sub-optimal ones are underlined. AVG↑ indicates
the average improvement of our method over the corresponding baselines.
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