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Abstract

Personalized dialogue generation aims to
leverage persona profiles and dialogue history
to generate persona-relevant and consistent
responses. Mainstream models typically rely
on token-level language model training with
persona dialogue data, such as Next Token Pre-
diction, to implicitly achieve personalization,
meaning that these methods tend to neglect
the given personas and generate generic re-
sponses. To address this issue, we propose a
novel Persona-Aware Alignment Framework
(PAL), which directly treats persona alignment
as the training objective of dialogue genera-
tion. Specifically, PAL employs a two-stage
training method including Persona-Aware
Learning and Persona Alignment, equipped
with an easy-to-use inference strategy Select
then Generate, to improve persona sensitivity
and generate more persona-relevant responses
at the semantics level. Through extensive ex-
periments, we demonstrate that our framework
outperforms many state-of-the-art personal-
ized dialogue methods and large language
models.

1 Introduction

Building personalized dialogue agents capable
of human-like interactions has emerged as a
critical research frontier with profound societal
implications. Unlike task-oriented chatbots that
only prioritize functional efficiency, agents im-
bued with consistent personas enable applications
that demand empathy, rapport, and contextual
adaptability. For instance, in mental health sup-
port systems, chatbots adopting a compassionate
persona can foster user trust for more effec-
tive emotional counseling (Sarikaya et al., 2016).
In education, tutors with tailored personalities
improve student engagement through relatable in-
teractions (McTear, 2022). Personalized agents
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also unlock scalable solutions for senior compan-
ionship, customer service avatars, and interactive
storytelling, where alignment with user expec-
tations hinges on maintaining coherent personas
(Singh and Beniwal, 2022). Therefore, how to
build personalized dialogue agents has drawn in-
creasing attention in recent years (Sarikaya et al.,
2016; McTear, 2022; Singh and Beniwal, 2022).
Many studies integrate predefined descriptions of
specific individuals, often referred to as personas,
with dialogue history to generate personalized re-
sponses (Pei et al., 2021; Wu et al., 2021; Tang
et al.,, 2023; Han et al., 2024). As shown in
Figure 1, given a dialogue history and a personas
profile, the upper response ‘I do not have time to
watch TV, I am an attorney so i work a lot.”” aligns
with personas better than the bottom response.
Here, alignment refers to the generated responses
reflecting predefined persona attributes.

Mainstream works usually use persona and di-
alogue history as the input of models and strongly
depend on data driving to generate personalized
responses (Song et al., 2021; Liu et al., 2022;
Chen et al., 2023a). Although achieving remark-
able progress, these methods often struggle to
generate responses that align with the given per-
sonas. A primary reason for this limitation lies in
the token-level training objectives of these models,
such as Next Token Prediction (NTP) and Mask
Prediction (MP). These objectives are primarily
designed for language modeling, which excels
at producing grammatically correct and contex-
tually coherent sentences, while falling short in
obtaining good persona alignment.

To address this issue, we propose learning align-
ment explicitly between generated responses and
given personas as the optimization objective. Un-
like token-level language modeling objectives,
this response-level alignment objective captures
personas and generates personalized responses
at the semantic level. Two practical challenges
remain to achieve this goal. First, quantifying
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Do you like TV ?

Sure | like TV, what do you watch ?

Dialogue Really anything , what about you ?
| do not have time to watch TV, | am an ‘/
attorney so i work a lot.
| enjoy a variety of shows, especially
Response X

documentaries and sci-fi series.

— =8 =8 P.=e >

| am afraid of heights .
ﬁ | love animals and have two dogs .
| am native American and live in Oklahoma .
Personas

| work as an attorney .

Figure 1: An example for the personalized dialogue.

[rdpresents the persona consistent response and [

represents a generic response instead of a personal
response.

the degree of alignment of personas as a learning
signal is challenging because persona alignment
requires strong semantic understanding and lacks
well-established calculation metrics. Second, a
persona profile contains multiple irrelevant per-
sona descriptions, but typically only one is rele-
vant to the current dialogue history. The irrelevant
personas could distract or mislead the models.

To overcome the challenges, we introduce
a novel Persona-Aware Alignment Framework
(PAL), which treats persona alignment as the
primary optimization objective. PAL employs a
two-stage training approach and a Select then Gen-
erate inference strategy to improve persona sen-
sitivity and generate persona-relevant responses.
In the first training stage, called Persona-Aware
Learning, we address the challenge of irrelevant
personas by designing a mixed training task in-
cluding two subtasks: Dialogue-Informed Persona
Selection and Persona-Enhanced Dialogue Gen-
eration. They aim respectively to learn which
persona is relevant to the current dialogue and
generate the persona-aware response. In the sec-
ond training stage, inspired by preference learning
(Xiong et al., 2024), we propose Persona Align-
ment with Direct Preference Optimization (DPO)
(Rafailov et al., 2023) to address the quantifica-
tion and explicit learning of persona alignment. As
there is no available paired data, we construct the
training data by pairing contrasting generated re-
sponses with ground-truth responses. Finally, we

naturally employ a Select then Generate inference
strategy to filter irrelevant personas. Similar to the
persona extractor proposed in Xu et al. (2022),
our approach first selects the most contextually
relevant personas and then generates a response
conditioned on the selected information.

Our contributions can be summarized as:

e We propose the learning of persona align-
ment as the optimization objective for per-
sonalized dialogue. To our knowledge, it is
the first to explicitly learn persona informa-
tion from a response level objective.

e We introduce the novel Persona-Aware
Alignment Framework (PAL) to tackle spe-
cific challenges of persona alignment learn-
ing. This framework helps improve persona
sensitivity of models and generate persona-
relevant responses.

e We conduct comprehensive experiments
across different foundation models, datasets,
and languages. The superior performance
of our framework over both state-of-the-
art baselines and well-known large language
models demonstrates its effectiveness and
broad applicability.

2 Persona-Aware Alignment Framework

In this section, we will introduce our Persona-
Aware Alignment Framework (PAL) in detail.
Formally, for a user v € U, there is a set of
personas denoted by P = {p1,p2,...,p;} and
an associated set of multi-turn dialogue contexts
resulting from interactions with other users, repre-
sented as C' = {(q1,71), (¢2,72), -+, (qn,7n)}. In
these contexts, ¢; denotes the dialogue utterance
from another user, and r; is the corresponding
response from u, where n is the total number
of dialogue turns. Given the next conversation
turn g,1, the goal of the personalized dialogue
agent is to generate a personalized response 7,11
that aligns with user u’s personas. PAL uti-
lizes semantic-level persona alignment as the
optimization target, aiming at training the per-
sonalized dialogue agent to generate responses
aligned with given personas. Figure 2 shows the
structure of PAL. It consists of a two-stage train-
ing method, i.e., Persona-Aware Learning and
Persona Alignment, and a Select then Generate
inference strategy.
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Figure 2: The overview of our Persona-Aware Alignment Framework (PAL) includes a two-stage training
strategy: (1) Persona-Aware Learning, and (2) Persona Alignment, as well as a Select then Generate inference
strategy. The arrows trace the flow of information, showing how each stage converts its inputs into outputs.
In the Persona-Aware Learning stage, the inputs are the persona descriptions P? and dialogue context C?. A
multi-task prompt-construction module turns these inputs into training samples s%*, which are used for prompt
tuning, with the training loss £,7 as the output of this stage. In the Persona Alignment stage, the inputs include
persona descriptions P?, dialogue context C?, and the gold response 7';Ol 4 An alignment-pair constructor forms

(7iold> Then)» Where 74y, is produced by the model from the previous stage. These pairs yield the alignment loss
Lp 4, the output of this stage by Alignment Training. In the Select-then-Generate inference strategy, the inputs
are the persona descriptions P? and dialogue context C?. A selection module picks the persona p’ most relevant
to the context. A response generator then produces the final reply r, explicitly highlighting the selected persona.

2.1 Persona-Aware Learning

As previously mentioned in the Introduction, the
persona profile usually has one most relevant
persona description for the dialogue history, and
the others could be noises misleading the mod-
els. To bridge this gap, we propose a mixed
training method Persona-Aware Learning. It in-
volves two subtasks, Dialogue-Informed Persona
Selection and Persona-Enhanced Dialogue Gen-
eration. Dialogue-Informed Persona Selection
aims to teach the model which persona is rel-
evant through explicit persona learning, which
improves the sensitivity of the model to personas.
Persona-Enhanced Dialogue Generation aims to
generate responses based on given personas and
dialogue history. The two subtasks have different
input and output formats. To reduce semantic shift
from task formats during mixed training, we con-
struct prompts for each task and transform them
into a unified natural language format.

2.1.1 Task Design

Given a user u with personas P = {pi,pso,
.,pi} and a dialogue history C, the origi-

nal formulations of the two key subtasks are as
follows.

Dialogue-Informed Persona Selection. This
subtask is designed to enhance the model’s per-
sona understanding ability by selecting the most
relevant persona based on the dialogue history.
The goal is to identify the persona that best aligns
with the dialogue history C' from personas P,
which is typically formulated as a classification
problem:

p = arg max sim(f(C), g(p)) (1)

where p denotes the selected persona that is
most relevant to the dialogue context C'. Here,
f(C),g(p) are encoding functions that map
the dialogue history and persona into seman-
tic representations, respectively. The function
sim(-) computes the similarity between these
representations.

Persona-Enhanced Dialogue Generation. We
design this subtask to enhance the model’s person-
alized generation ability. It focuses on generating

1724



an appropriate response for the dialogue. It is
typically formulated as a token prediction task:

T
7 = arg max H P(wiw<, C, P) 2)
t—1

where 7 represents the generated response that
best fits the dialogue context, r = {w;,ws,
...,wr} is the sequence of tokens in the re-
sponse, with 7" denoting the length of the response,
wy is the token at position ¢ in the response, and
wey = {wi,..., w1} represents the sequence
of all preceding tokens, and P(-) denotes the
probability of predicting a token.

2.1.2 Prompt Construction and Training

Multi-Task Prompt Construction. As men-
tioned above, these subtasks have different input
and output formats, which require specialized
modules and limit generality. Therefore, we trans-
form them into unified natural language formats
through constructing prompts for each task, and
integrate them into one unified task with super-
vised fine-tuning. The corresponding prompts are
shown as follows:

Dialogue-Informed Persona Selection.

The user’s persona is described with: <per-
sonas>.

If a persona description is required to generate a
response, select the most appropriate one. If no
persona is needed, respond with ‘No persona
data needed’.

Dialogue context: <dialogue context>.

The preferred persona is: <related persona>.

Persona-Enhanced Dialogue Generation.
The user’s persona is described with: <per-
sonas>.

Please generate a response to the dialogue.
Dialogue context: <dialogue context>.
Response: <response>

where ‘‘<personas>’’ in the table represents the
personas P, the ‘‘<dialogue context>’’ represents
the corresponding dialogue history C, the ‘‘<re-
lated persona>’’ represents the selected persona p
in Equation 1, and ‘‘<response>’’ represents the
generated response 7 in Equation 2.

Prompt Training. After constructing the
prompts, we employ next-token prediction (NTP)

to facilitate multi-task training. The combined loss
function for mixed training is defined as:

Tk

Laix(0) = =YY " log P(sf | my, 554 6)

k t=1

where 6 represents the model parameters, k rep-
resents the index over tasks, with £ € {1,2},
corresponding to Task 1: Dialogue-Informed Per-
sona Selection and Task 2: Persona-Enhanced
Dialogue Generation. my, represents the prompt
constructed for task k. s* is the target sequence
in task k, and ¢ is the time step index within the
target sequence for each task. 7% represents the

total number of tokens in the target sequence s*.

2.2 Persona Alignment

One innovation of this work is to train the per-
sonalized dialogue agent by directly aligning the
generated responses with the given personas. The
key challenge in this process is quantifying this
alignment because there is currently no mean-
ingful metric available. Given the strong fitting
capabilities of neural networks, we leverage neu-
ral networks to estimate the alignment between
responses and personas. Specifically, we first con-
struct persona alignment training pairs. Then, we
can train a Proximal Policy Optimization (PPO)
(Schulman et al., 2017) pipeline to obtain an align-
ment evaluation model. In practice, we instead
adopt the Direct Preference Optimization (DPO)
method (Rafailov et al., 2023). DPO allows us
to implicitly incorporate the alignment measure-
ment model and avoids the overhead associated
with reinforcement learning methods like PPO,
offering a simpler, more efficient approach.

2.2.1 Alignment Training Pairs Construction

Since there are no ground-truth alignment scores
available, we construct a learning-to-rank task in-
spired by Preference Learning methods (Xiong
et al., 2024). Our training objective is to assign
higher scores to responses that better align with
the given personas. Specifically, we regard the
ground truth response 7,14 from personalized dia-
logue datasets as the chosen response of the DPO
(Rafailov et al., 2023). Considering that there is
no manually labeled rejected response, we adopt
an alternative approach and utilize the trained
model from the Persona-Aware Learning stage
to generate responses 7g, based solely on the
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dialogue history, excluding personal information,
as rejected responses. The prompts are shown as
follows:

Prompt for Alignment Training Pairs Con-
struction

Please generate a response to the dialogue.
Dialogue context: <dialogue context>.
Response: <response>

In general, we believe that the golden responses
reold provided by the personalized dialogue
datasets are more aligned with the personas
than the generated responses 7., without per-
sona input. Therefore, we construct data pairs
D = {(7gold, Teen) } for alignment training by pair-
ing the golden responses with the less-aligned
generated responses.

2.2.2 Alignment Training

This stage aims to directly tune the model guided
by persona alignment. As mentioned above, we
utilize the DPO method for alignment training.
The training targets are defined as follows:

Uy (Tgold ‘ Ca P)
Ty (Teold | C, P)

5gold = log

79 (Tgen | C, P)
TGrey (rgen | C, P)

5gen = log

EPA = _E(T‘golm Tgell)ND [10g0_ (6 (6g01d - 6gen))]

where 7y represents the model being trained, pa-
rameterized by 6. my_, is the reference model with
parameters 6., which remains fixed during this
stage. D represents the set of training pairs. [ is
a scaling factor that adjusts the sharpness of the
preference, o denotes the sigmoid function.

2.3 Select Then Generate Strategy

To address the challenge of persona relevance and
minimize the influence of noisy personas at the
inference stage, we propose a Select then Gen-
erate strategy. This approach begins by selecting
the most relevant persona based on the dialogue
history using a carefully designed prompt. By fo-
cusing on the most pertinent persona, we reduce
the risk of irrelevant or misleading information
affecting the response generation. After selecting
the most relevant persona, we construct a new

prompt that highlights this persona, guiding the
response generation process. This ensures that the
generated responses are both contextually appro-
priate and closely aligned with the user’s specific
persona attributes. The prompts are shown as
follows:

Prompt for Select

The user’s persona is described with: <per-
sonas>.

If a persona description is required to generate a
response, select the most appropriate one. If no
persona is needed, respond with ‘No persona
data needed’.

Dialogue context: <dialogue context>.

The preferred persona is: <related persona>.

Prompt for Generate

The user’s persona is described with: <per-
sonas>.

The most related persona is <related persona>.
Please generate a response to the dialogue.
Dialogue context:

<textless dialogue context>.

Response: <response>

3 Experimental Settings

3.1 Datasets

To assess the effectiveness and adaptability of
our framework, we conducted comprehensive ex-
periments using two widely recognized datasets
across different languages: PERSONA-CHAT
(Zhang et al., 2018a) and Baidu-Persona-Chat.!
PERSONA-CHAT is an English dataset compris-
ing an extensive collection of dialogues paired
with corresponding personas. We conducted ex-
periments on both the original and revised versions
of this dataset. In the revised version, the personal
information has been rewritten. Both versions
share the same test set. Baidu-Persona-Chat is a
Chinese personalized dialogue dataset similar in
format to PERSONA-CHAT. We split the data-
sets into four parts (Train, Valid#1, Valid#2, and
Test) to meet the specific requirements of the
personalized dialogue task. The data statistics are
shown in Table 1. During the Persona-aware
Learning stage, we use both validation subsets

https://aistudio.baidu.com/datasetdetail
/351937.
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PERSONA-CHAT Baidu-Persona-Chat

Language English Chinese
Train 65719 353016
Valid#1 6500 14000
Valid#2 1301 3027
Test 7512 5929

Table 1: Number of samples in each dataset.

(Valid #1 and Valid #2) for evaluation. In the
Persona Alignment stage, Valid #1 is utilized for
training and Valid #2 for validation. This par-
titioning approach prevents data leakage and is
supported by prior research, as well as our ex-
perimental findings, which underscore the effec-
tiveness of using relatively smaller datasets for
alignment tasks (Ouyang et al., 2022; Lee et al.,
2023).

3.2 Evaluation Metrics

We evaluate the model using both automatic
and human metrics. For the automatic metrics,
we adopt BLEU (Papineni et al., 2002) and
ROUGE (Lin, 2004), both of which measure the
token overlap. Additionally, we utilize Entropy
(Zhang et al., 2018b), which measures the diver-
sity of personalized responses. Following previous
works (Madotto et al., 2019), we also adopt
the C.score to assess the consistency between
the model-generated responses and the provided
personas. The methodology for calculating the
C.score is detailed as follows:

1 if p; entails r,
NLI(p;,ry) = 0

—1 if p; contradicts 7,

if p; is independent of ry,

C.score = Z NLI(p!, %)

pfePi

where P = {pi1,pa,...,p;} represents the per-
sonas of user u, ,, denotes the generated response
of the last dialogue turn. [ indexes the personas
and n indicates the dialogue turn. We utilize a
Natural Language Inference (NLI) model to cal-
culate the Consistency score (C.score). Specifi-
cally, we utilized a RoBERTa (Liu et al., 2019)
model designed for three-way classification tasks
(entailment, neutral, and contradiction). For the
English experiments, we further trained this
RoBERTa model on SNLI (Glockner et al.,
2018) and MultiNLI (Kim et al., 2019) datasets.

For the Chinese experiments, we trained this
RoBERTa model on the OCNLI (Hu et al.,
2020) and CMNLI (Xu et al.,, 2020) datasets.
We then further trained the NLI model on
the PERSONA-CHAT and Baidu-Persona-Chat
datasets. The NLI model achieve accuracies of
84.1% and 82.3%, respectively.

For human evaluation, we randomly select
100 samples from the test set. Two annotators
were asked to evaluate responses based on three
aspects: (1) Fluency, (2) Coherence, and (3) Per-
sona Consistency. The assigned scores of 1, 2,3
correspond to unacceptable, acceptable, and sat-
isfactory levels, respectively. The inter-annotator
agreement for our study was measured by the
Fleiss Kappa coefficient, with a score of 0.62,
indicating substantial agreement. More details
about the annotations are shown in Appendix A.

3.3 Baselines

We apply our PAL framework to three founda-
tion models to evaluate its effectiveness.

o GPT-2 (Radford et al., 2019): A pre-trained
language model developed by OpenAl, built
on the Transformer architecture. We utilize
the base version of this model series.

e DialoGPT (Zhang et al., 2020): A variant of
GPT-2 specifically adapt for dialogue gen-
eration, developed by Microsoft. We utilize
the base version. As there is no Chinese-
pretrained version of DialoGPT, we only
conduct experiments on the PERSONA-
CHAT dataset.

e Llama 3.1 8B (Dubey et al., 2024): An open-
source large language model developed by
Meta, known for its strong capabilities and
wide applicability. We employ the 8B version
to highlight the performance of our PAL
framework on a large-scale model.

We compare several different strategies and
some state-of-the-art (SOTA) methods.

¢ Fine-Tuning (Kenton and Toutanova, 2019):
Fine-Tuning is a widely used strategy to
adapt a pre-trained model to a specific task.
In this work, we continue training the pre-
trained model on personalized dialogue da-
tasets. Due to the high computational cost
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and insufficient data for training large lan-
guage models, we conducted experiments
only on GPT-2 and DialoGPT.

e Few-Shot Prompting (Brown et al., 2020):
In this approach, the model is provided with
a small number of demonstrations during in-
ference to guide its responses. We include
two demonstration dialogues in our experi-
ments that incorporate persona information
in the input prompt, helping the model gener-
ate responses that are more aligned with the
user’s persona. This strategy is utilized only
with Llama 3.1 8B.

e Prompt Tuning (Lester et al., 2021): The
Prompt Tuning technique adapts a pre-trained
model to specific tasks by introducing a small
set of task-specific parameters.

e SimOAP (Zhou et al., 2023b): It adopts
a two-stage strategy for personalized di-
alogue that involves oversampling and
post-evaluation during generation.

e SPT (Huang et al.,, 2024): SPT adapts a
pre-trained model for personalized conversa-
tions by introducing soft prompts. Instead of
fine-tuning the entire model, it uses a train-
able retriever to selectively choose suitable
soft prompts based on the input context.

Additionally, we compare with SOTA methods
that have specifically designed modules.

e ORIG (Chen et al., 2023a): ORIG addresses
the issue of persona order sensitivity in
personalized dialogue generation.

e CLYV (Tang et al., 2023): This method uti-
lizes both sparse and dense representations
of personas for dialogue generation.

e LMEDR (Chen et al., 2023b): It learns to
memorize entailment and discourse relations
for persona-consistent dialogue tasks.

Finally, we compare our PAL framework with
some closed-source commercial large language
models that have strong capabilities. Prompts used
for these models are shown in Appendix C.

e GPT-3.5 (Ouyang et al., 2022): A typical
large language model developed by OpenAl.
We use the gpt-3.5-turbo-0125 version.

e GPT-40 mini: A language model with su-
perior textual intelligence and reasoning. We
use the gpt-40-mini-2024-07-18 version.

e Gemini Flash: A large language model de-
veloped by Google, which is well-tuned for
dialogue generation tasks. The gemini-1.5-
flash-002 version is used for our experiments.

3.4 Implementation Details

Our implementation is based on HuggingFace’s
Transformers library (Wolf et al., 2020). Each ex-
periment was carried out three times, except for
LMEDR (Chen et al., 2023b), which we ran using
the official parameters on the PERSONA-CHAT
dataset due to its high training cost. The experi-
ments for GPT-2 and DialoGPT were conducted
on two NVIDIA Tesla V100 GPUs, while Llama
3.1 8B was trained on four NVIDIA RTX A6000
GPUs with a LoRA adapter (Hu et al., 2022),
using a key hyperparameter » = 16. During the
Persona-Aware Learning stage, we set the learn-
ing rate to 2 x 10" with a linear warm-up strategy
for the first 100 steps and trained for 10 epochs.
For persona alignment, the learning rate was set
to 1079 with 100 warm-up steps. The trained
model 7y and reference model my, , were ini-
tialized with the same parameters and trained for
up to 30,000 steps, using an early stopping strat-
egy based on the C.score on the validation set.
The hyperparameter 5 was set to 0.1 for persona
alignment. During decoding, we use a greedy
search strategy and employed the float16 format
to balance generation quality and computational
efficiency. The code for our framework is pub-
licly available on GitHub.?

4 Opverall Results

In this section, we present the performance of our
proposed PAL framework across different founda-
tion models and datasets. The automatic metrics
are shown in Tables 2 and 3, while the human
evaluation results are displayed in Table 4. Due to
space limitations, the human evaluation results for
Baidu-Chat are provided in Appendix B. Higher
metric values indicate better performance. The
results reveal several key insights:

1. Our framework consistently outperforms
baseline models across all datasets and foun-
dation models under comparable settings.

https://github.com/kylokano/PAL.

1728


https://github.com/kylokano/PAL

Models Original PERSONA-CHAT Revised PERSONA-CHAT
BLEU-1 BLEU-2 ROUGE-L Entropy C.score | BLEU-1 BLEU-2 ROUGE-L Entropy C.score
ORIG 13.97 7.40 16.20 6.55 0.696 12.20 6.40 15.92 5.75 0.313
CLV 16.79 6.74 15.02 8.30 0.576 16.65 6.75 15.05 8.34 0.416
LMEDR 12.56 6.60 16.89 5.42 0.582 14.34 6.91 13.72 5.47 0.312
GPT-3.5 2.12 0.71 6.19 8.657 0.809 2.12 0.71 6.19 8.657 0.809
+Few-Shot 6.20 0.79 8.61 5.01 0.884 6.20 0.79 8.61 5.01 0.8847
GPT 40 mini 3.00 0.99 8.09 7.62 0.670 3.00 0.99 8.09 7.62 0.670
+Few-Shot 2.22 0.07 5.39 5.33 0.825 2.22 0.07 5.39 5.33 0.825
Gemini Flash 1.11 0.36 4.95 6.95 0.641 1.11 0.36 4.95 6.95 0.641
+Few-Shot 3.31 0.67 3.11 5.32 0.870 3.31 0.67 3.11 5.32 0.870
GPT-2 597 2.50 9.74 5.18 0.333 597 2.50 9.74 5.18 0.333
+FineTuning | 13.10 7.06 15.92 6.08 0.173 12.73 6.62 15.34 6.28 0.103
+Prompting 13.49 7.52 16.35 6.45 0.454 13.25 7.09 16.20 6.26 0.218
+SimOAP 8.09 2.26 8.42 8.47* 0.170 9.00 3.19 9.23 8.39 0.153
+SPT 5.55 2.65 9.82 6.01 0.799 4.84 2.20 9.03 4.97 0.440
+PAL(ours) 17.05* 8.77* 16.66* 6.93 0.811* 15.94* 7.89%* 14.55 6.75 0.427
DialoGPT 5.09 2.00 6.16 6.59 0.485 5.09 2.00 6.16 6.59 0.485
+FineTuning | 12.89 6.84 15.48 6.10 0.125 12.48 6.57 15.65 6.30 0.096
+Prompting 13.60 7.36 16.42 6.54 0.445 13.39 7.20 16.42 6.36 0.209
+SimOAP 9.17 3.36 9.23 8.39 0.085 9.19 3.25 9.28 8.39 0.080
+SPT 4.83 2.26 8.59 5.60 0.509 478 1.44 5.42 4.82 0.303
+PAL(ours) 15.11* 7.65* 15.38 6.81 0.585% 13.69* 7.13 15.61 6.69 0.349
Llama 3.1 - 8B 3.11 0.98 5.78 5.56 0.611 3.11 0.98 5.78 5.56 0.611
+Few-Shot 4.89 1.97 9.40 4.28 0.219 4.89 1.97 9.40 4.28 0.219
+Prompting 18.95 8.27 16.70 571 0.642 18.24 7.64 16.09 5.78 0.466
+SimOAP 12.69 4.11 11.44 6.74 0.680 12.69 3.96 11.43 5.63 0.441
+SPT 8.61 3.81 8.14 6.98 0.694 7.61 2.71 7.80 6.27 0.594
+PAL(ours) 25.12*%F  14.00%f 23.88* 7.27* 0.909*1 | 24.89*F  13.42%f 22.75%} 7.33* 0.625*

Table 2: Automatic evaluation results on the PERSONA-CHAT dataset. The best results are indicated
in bold, while the secondary results are marked with underlined. * denotes statistically significant
(p<0.05) improvements over baselines on the same foundation models. { indicates superior perfor-
mance over all other results (p<0.05). All significance testing was conducted using independent sam-

ples t-tests.

We conducted independent samples t-tests,
confirming a statistically significant differ-
ence (p<0.05) in nearly all metrics between
our framework and the second-best method.
This demonstrates the superiority of op-
timizing the alignment between generated
responses and given personas, compared to
baseline models that still rely on token pre-
diction objectives. These findings support our
claim that relying on token-level objectives
alone is insufficient for training effective
personalized dialogue agents.

2. The consistently strong performance across
models of different scales and languages
demonstrates the effectiveness and gener-
alizability of our framework. For instance,
our framework achieves high performance
on a small-scale model like GPT-2, surpass-
ing nearly all baselines in both English and
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Chinese. When applied to a larger model
like Llama 3.1 8B, our framework yields
even more substantial improvements, high-
lighting its scalability and robustness. These
results underscore the potential of our frame-
work for broad application in personalized
dialogue generation across diverse settings.

. Our framework also achieves superior per-

formance on most metrics when compared
to state-of-the-art baseline models and
closed-source commercial large language
models. Even with dialogue history and
demonstrations provided in a few-shot set-
ting, commercial large language models still
struggle to accurately imitate user responses.
Notably, PAL achieves higher scores on
token overlap metrics (e.g., BLEU and
ROUGE), suggesting improved similarity
to reference responses. Commercial models



(p<0.05) improvements over baselines on the
same foundation models. { indicates superiority
over all other results (p<0.05). All significance
testing was conducted using independent samples
t-tests.

perform significantly worse on these met-
rics, which may be due to the fact that they
were not trained on the specific datasets
used. However, these metrics primarily as-
sess n-gram overlap with reference responses
and may not be well-suited for evaluating per-
sonalized dialogue generation. Nevertheless,
the higher scores achieved by PAL suggest
its potential to emulate specific response
styles, which could be valuable for applica-
tions such as Project Revoice.

4. PAL shows lower entropy performance on
GPT-2 and DialoGPT compared to SimOAP
(Zhou et al., 2023b). Upon reviewing the
generated responses, we found that many of
SimOAP’s outputs were contextually irrele-
vant or unreadable. These responses, while
clearly unacceptable, contained unique words
or symbols that boosted entropy scores.
We attribute this issue to the limitations

Models BLEU-1 BLEU-2 ROUGE-L Entropy C.score Models Fluency  Coherence  Persona Consistency
ORIG 27.16 1552 32.60 6.64  0.568 ORIG 228 1.96 1.88
CLV 2372 10.06 2321 831 0391 CLV 222 228 197
LMEDR 2101 1384  25.69 7.14 0320 LMEDR 2.49 2.41 2.04
GPT-3.5 16.40 7.56 19.10 871 0592 GPT-3.5 2.89 2.57 1.99
+Few-Shot | 1434  3.68  24.04 5.17  0.800 +Few-Shot 2.61 251 222
GPT 40 mini 6.74 3.02 16.57 567 0.874 GPT 40 mini 2.69 2.20 2.09
+Few-Shot | 11.50 270 2052 451  0.862 +Few-Shot 2.50 2.09 2.19
Geminin Flash | 5.22 242 15.09 583  0.872 Gemini Flash 2.56 2.36 2.13
+Few-Shot | 6.31 1.76 18.23 491 0871 +Few-Shot 277 2.11 2.24
GPT-2 7.96 3.08 12.84 6.87  0.556 GPT-2 1.93 1.59 1.55
+FineTuning | 26.76 1531 32.94 6.69  0.501 +FineTuning | 2.33 227 1.14
+Prompting | 2849 1737 35.16 6.93  0.526 +Prompting 237 2.12 1.90
+SimOAP | 20.23 7.61 20.48 8.341 0.554 +SimOAP 2.00 1.39 215
+SPT 2334 1184 2337 583  0.573 +SPT 1.96 2.03 2.08
+PAL(ours) | 29.48* 18.07* 3557* 7.5 0.576 +PAL(ours) 2.55% 2.37+* 2,27
Llama 3.1 - 8B | 13.38 6.09 17.66 546  0.767 DialoGPT 2.40 1.79 2.01
+Few-Shot | 17.22 9.01 19.81 594 0774 +FineTuning | 2.33 2.12 1.96
+Prompting | 27.15 13.14 25.66 573 0913 +Prompting 245 2.34 1.19
+SimOAP | 2148 1021 23.22 555 0.860 +SimOAP 2.49 123 2.13
+SPT 1658 1276 16.87 509 0873 +SPT 2.06 1.86 1.83
+PAL(ours) | 33.13*t 20.33*f 35.89*F  7.81* 0.982*} +PAL(ours) 2.55% 2.43* 2.00
Llama 3.1 8B 2.46 2.49 2.28
Table 3: Automatic evaluation results on +Few-Shot 2.00 2.16 2.18
Baidu-Chat dataset. The best results are marked +Prompting 2.59 2.45 2.69
in bold, while the secondary results are marked +SimOAP 236 1.92 234
underlined. * denotes statistically significant +SPT 262 244 2.53
+PAL(ours) 2.76* 2.49 2.82%

Table 4: Human evaluation results on Original
PERSONA-CHAT Dataset. The best results are in
bold and the second-best are underlined. * denotes
statistically significant (p<0.05) improvements
over baselines on the same foundation models. All
significance testing was conducted by independent
samples t-tests.

of smaller models. When performing over-
sampling with 1,000 candidates using the
base GPT-2 model, many responses in-
cluded strange, nonsensical symbols that
appeared almost random. Additionally, the
post-evaluation phase, which relies on
TF-IDF and language model assessments,
was unable to filter out these flawed outputs.
In contrast, using a more powerful model like
Llama 3.1 8B produces coherent and relevant
responses.

5. The improvement of PAL on DialoGPT is rel-
atively limited compared to its performance
on other foundation models. We attribute this
to the smaller pretraining dataset used for
DialoGPT, which consists of only 1.8 billion
tokens, compared to 40 billion tokens for
GPT-2 and 15 trillion tokens for Llama 3.1.
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Additionally, some responses from Dialo-
GPT include irrelevant terms, such as *‘kit-
ten’’, which were not part of the dialogue
context or persona data. These irrelevant
mentions may reflect biases in the model’s
training data, primarily sourced from Reddit.
We believe our framework is better suited
to general-purpose language models, as it
includes a comprehensive process for adapt-
ing these models into dialogue agents. The
revised version of PERSONA-CHAT consis-
tently yields lower performance compared to
the original across all models and settings.
This widespread decline suggests that the
dataset revision with rephrases, generaliza-
tions, or specializations makes the task much
more challenging.

5 Analysis

In this section, we conduct a series of analytical
experiments to further examine the effectiveness
of our PAL framework. We present an ablation
study to verify the necessity and contributions
of each component. Furthermore, we analyze the
influence of key parameters. We also provide a
case study to offer an intuitive understanding of
PAL.

5.1 Ablation Study

In this section, we conduct ablation studies to fur-
ther examine the effectiveness of our framework.
We examine the following variants:

o Without Persona-Aware Learning (w/o
Mix): This variant removes the entire
Persona-Aware Learning phase to assess
how the model performs without the benefits
of Persona-Aware Learning.

o Without Persona Alignment (w/o PA):
We remove the Persona Alignment stage
to evaluate how the absence of the Per-
sona Alignment task affects the model’s
performance.

e Dialogue-Informed Persona Selection
Only (only PS): In this setup, we per-
form only the Dialogue-Informed Persona
Selection task during the Persona-Aware
Learning stage.

e Persona-Enhanced Dialogue Generation
Only (only DG): This configuration focuses

solely on the Persona-Enhanced Dialogue
Generation task within the Persona-Aware
Learning stage.

e Without Pairs Construction (w/o PC):
This configuration eliminates the Alignment
Training Pairs Construction process, instead
training the model directly on the golden
responses. This approach helps isolate the
impact of the Pairs Construction process on
the model’s performance.

We conducted all experiments on the PERSONA-
CHAT dataset using both the GPT-2 and Llama
3.1 8B models to evaluate the influence of each
component. The evaluation results are shown in
Table 5. The significant decline in performance
across various configurations highlights the es-
sential role and effectiveness of each component
within our framework. Based on these results, we
can also observe that:

1. The performance drop in the Without Pairs
Construction (w/o PC) and Without Persona
Alignment (w/o PA) setups is notable. In
these settings, the training objective relies
solely on token-level prediction (next to-
ken prediction). The dramatic performance
decrease in these configurations further
validates our assertion that token-level learn-
ing objectives alone are insufficient for
effectively aligning responses with personas.

2. The Dialogue-Informed Persona Selection
Only (only PS) and Persona-Enhanced
Dialogue Generation Only (only DG) con-
figurations perform worse than the full setup.
These results highlight the effectiveness and
necessity of our task design within the
Persona-Aware Learning.

3. The Without Persona-Aware Learning (w/o
Mix) configuration also shows a decrease in
performance. This is because the data dis-
tribution for personalized dialogue agents
significantly differs from that used in
pretraining general language models.

5.2 Impacts of Different Inference Strategies

To demonstrate the effectiveness of our Select
then Generate inference strategy in filtering noisy
and redundant personas, we compared it with two
straightforward inference methods, Random and
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GPT 2 LlaMa 3.1 8B

BLEU-1 BLEU-2 ROUGE Entropy C.score | BLEU-1 BLEU-2 ROUGE Entropy C.score
PAL 17.05% 8.77* 16.66 6.93 0.811%* 25.12% 14.00%* 23.88 7.27 0.909*
w/oMix | 16.03 8.20 15.29 6.12 0.391 5.57 1.62 5.80 6.03 0.625
w/o PA 14.45 7.86 16.81 6.58 0.521 22.03 1291 23.81 7.12 0.641
only DG | 16.49 8.45 15.16 6.80 0.726 16.98 6.95 15.62 5.88 0.798
only PS 8.54 4.72 6.83 3.65 0.154 9.77 3.28 8.85 6.63 0.576
w/o PC 14.15 7.73 16.89 6.42 0.476 19.29 8.53 17.02 5.73 0.442

Table 5: Ablation study of our PAL framework on the PERSONA-CHAT dataset. * indicates a sta-
tistically significant improvement (p < 0.05) over the second-best variant, as measured by independent

samples t-tests.
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Figure 3: The results of different inference strategies
on the original PERSONA-CHAT dataset.

Not Select, on the Original PERSONA-CHAT
dataset. In the Random strategy, the model-
selected persona is replaced with a randomly
chosen one. In contrast, the Not Select strategy
bypasses the persona selection process entirely,
using the full personas for dialogue generation.
The results in Figure 3 show that our strategy
significantly outperforms these alternatives, un-
derscoring the importance of selecting dialogue-
informed personas for effective personalized
dialogue generation.

5.3 Impacts of Alignment Training Steps

Previous research highlights the importance of
appropriate alignment steps in training models.
Insufficient alignment steps can prevent models
from fully adapting to user preferences, while ex-
cessive steps might lead to overfitting and degrade
performance. As demonstrated in Figure 4, our ex-
perimental results on both GPT 2 and Llama 3.1
8B confirm this, showing that proper calibration
of alignment steps is crucial for model effective-
ness. Our experiments emphasize the need to find
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Figure 4: Influence of persona alignment training steps
on the PERSONA-CHAT dataset.

the optimal number of alignment steps to ensure
models align with personas without compromising
their general language understanding abilities.

5.4 Case Study

Table 6 presents an example of our frame-
work alongside several baseline models. From
the results, we observe that:

1. The PAL framework generates more per-
sonalized responses compared to foundation
models. Specifically, GPT-2 and Llama 3.1
8B models failed to produce responses that
align with the given personas. In con-
trast, our framework consistently generates
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Personas

I work in the healthcare industry.
I am five feet tall.

I have a dog named pedro.

I like to eat muffins.

I love film.

Dialogue Context

Person 1: Haha funny. I have had a dog since I became a veterinarian.
Person 2: Oh wow! I wanted to be a vet when I was a kid. I work in healthcare.
Person 1: Cool! I live in florida and lots of doctors here.

Metrics Human Evaluation Results
Models Generated Responses
BLEU-1 ROUGE-L C.score | Fluency Coherence PerCons
GPT 3.5 It’s interesting that you both work in healthcare. Florida is 8.71 3.36 0 32 22 32
known for its vibrant healthcare industry, so it must be
a great place for professionals like you. Do you have any
favorite film?
GPT 40 mini | That’s awesome! Florida must have a vibrant healthcare 8.00 8.40 1 372 3/3 2/2
scene. I work in the healthcare industry too, but I'm more
on the administrative side.
Gemini Flash | That’s interesting! I’'m actually in the healthcare industry 6.29 7.01 0 22 32 2/2
too, though I work in [mention your specific area in health-
care]. I'm just a little shorter than you, I'm only 5 feet
tall.
GPT-2 I love florida. 4.00 8.32 0 3/3 2/2 171
+PAL I love florida. By the way, I have a dog named pedro. 16.00 23.08 1 3/3 3/2 3/3
DialoGPT Yes 0.00 0.00 0 1/1 1/1 1/1
+PAL I love florida. I have a dog named pedro. 24.00 38.57 1 3/3 2/2 3/3
Llama 3.1 8B |  am in texas . I am a nurse 8.00 12.86 1 3/3 3/3 2/2
+PAL Very nice, I love florida. And I have a dog named pedro. | 20.00 19.17 1 3/3 3/3 3/3
Do you have any pet?

Table 6: Case study comparing our framework with several strong baselines. Bold text indicates
alignment with personas, while red text highlights less preferred responses that either contradict the
personas or introduce unsupported details. PerCons refers to persona consistency. Human evaluation
results are shown in the format A/B, where A and B correspond to the scores assigned by the first and

second annotators, respectively.

better-tailored responses to the specified
personas. These findings demonstrate the
effectiveness of our framework in person-
alizing responses according to the given
personas.

. Ashighlighted in red of Table 6, both GPT-40
Mini and Llama 3.1 8B generate responses
that include elements absent from the dia-
logue history and user personas, which are
regarded as instances of hallucination. For
example, the reference to a ‘‘nurse’’ in the
Llama 3.1 8B response is an inference made
by the model without any supporting evi-
dence from the provided personas or dialogue
context, which can be considered a halluci-
nation. Moreover, Gemini Flash generates
responses including placeholder ‘‘[mention
your specific area in healthcare]’’. This in-

dicates a significant lack of coherence and
relevance, as the generated content does not
reflect the user’s preferences or the context
of the dialogue.

3. Although large-scale models typically incor-
porate personas, their responses are often
blunt and lack fluency. For example, phrases
like ““film’” in GPT-3.5 or ‘5 feet tall’’ in
Gemini Flash are completely unrelated to
the dialogue. Our framework, which appro-
priately mentions relevant elements ‘‘a dog
named pedro’’, is better suited to the dialogue
context involving veterinarians and doctors.

6 Related Works

6.1 Personalized Dialogue Agents

Personalized dialogue, which integrates personal-
ized information and dialogue history, has been
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identified as essential for achieving human-like
conversations and has attracts increasing research
interest. Typical works use data-driven methods
(Mazare et al., 2018; Song et al., 2021; Chen et al.,
2023a; Zhang et al., 2018a; Zheng et al., 2020;
Liu et al., 2023). However, these methods usually
overlook the intricate relationship between per-
sonas and dialogue context. To bridge this gap,
some studies have aimed to capture the essential
connection between personas and dialogue con-
text (Posokhov et al., 2022; Huang et al., 2023;
Tang et al., 2023).

Concurrently, various studies (Shum et al.,
2020; Song et al., 2021; Liu et al., 2022; Chen
etal., 2023a; Tang et al., 2023; Chen et al., 2023b)
focus on enhancing the consistency between re-
sponses and the corresponding personas. Li et al.
(2023) propose a coarse-to-fine persona-aware
training framework to improve the persona con-
sistency of a dialogue agent progressively. Tang
et al. (2023) combines sparse and dense persona
descriptions with dialogue history to design a Con-
trastive Latent Variable-based model (CLV) for
generating personalized responses. Huang et al.
(2024) utilizes a trainable dense retriever and
adaptive soft prompts to enhance personalized di-
alogue generation in large language models by
dynamically selecting relevant prompts based on
conversational context. Xu et al. (2022) propose
a long-term memory dialogue system based on
an explicit memory read—write mechanism. Their
framework consists of three components: a per-
sona extractor, a long-term persona memory, and a
generation module. This design demonstrates the
effectiveness of selecting from multiple personas
and serves as inspiration for our adoption of the
“‘Select-then-Generate’’ strategy.

Although these methods have achieved signif-
icant success, they rely on token-level training
objectives, such as Masked Prediction (MP) and
Next Token Prediction (NTP). However, as shown
in our experiments, these objectives fall short of
fully capturing the alignment between personas
and responses. In contrast, our framework directly
optimizes this alignment, a crucial factor for ef-
fective personalized dialogue generation. Unlike
training-based approaches, Zhou et al. (2023b) fo-
cus on the inference phase, where they oversam-
ple a large number of candidate responses and
then post-evaluate them to find a suitable match.
However, without alignment-focused training,
their method has a lower performance upper bound

than ours, as demonstrated by our experimental
results.

6.2 Agent Alignment

Aligning language models with human intentions
has become a crucial focus within the field of
large language models. To this end, a variety
of methods have been developed. For example,
techniques such as RLHF (Ouyang et al., 2022),
RLAIF (Lee et al., 2023), DPO (Rafailov et al.,
2023), and Decision Transformer (Chen et al.,
2021) have been proposed to direct LLMs to-
wards desired outcomes. In exploring the critical
aspect of alignment, LIMA (Zhou et al., 2023a)
investigated the hypothesis that LLMs inherently
develop knowledge and capabilities during their
pre-training phase. Similarly, InstructionGPT-4
(Wei et al., 2023) demonstrated the potential of
using a minimal yet high-quality dataset to achieve
significant improvements. Setting our work apart,
we specifically target the domain of personalized
dialogue agents, addressing the unique challenges
that arise in this context. Unlike the broader
approaches to model alignment, we focus on en-
hancing the interaction between dialogue agents
and users by ensuring the generated responses are
not only contextually appropriate but also deeply
personalized.

7 Conclusion

In this work, we propose a Persona-Aware Align-
ment Framework (PAL) featuring a two-stage
training strategy and a Select then Generate in-
ference strategy. Unlike previous studies that rely
on token-level objectives, our framework directly
optimizes the alignment between generated re-
sponses and given personas, effectively addressing
practical challenges such as quantifying align-
ment between responses and personas, bridging
the gap between personalized dialogue data and
pre-training data, and managing noisy persona
information. Our experiments demonstrate that
PAL significantly and consistently outperforms
state-of-the-art personalized dialogue methods
and closed-source commercial large language
models. Notably, the framework’s consistent per-
formance across different languages and multiple
foundation models underscores its generalizability
and broad applicability.
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A Details About Annotations

The human evaluation is conducted by two postgraduate researchers specializing in natural language
processing. Both annotators are native Chinese speakers and are proficient in English reading and
writing, having passed the College English Test. Moreover, the annotators were provided with 50
randomly selected responses annotated by native English and Chinese speakers as reference points
for quality and consistency. The inter-annotator agreement for the gold data, measured by the Fleiss
Kappa coefficient, is 0.62, indicating moderate agreement among annotators. The annotations for
PERSONA-CHAT dataset are performed using the original PERSONA-CHAT version.

B Human Evaluation Results on Baidu-Chat Dataset

As shown in Table 7, the human evaluation results on the Baidu-Chat dataset are consistent with the
observations mentioned in the Overall Results section (Section 4).

Models Fluency Coherence Persona Consistency
ORIG 2.76 2.46 2.46
CLV 2.44 1.97 1.51
LMEDR 2.30 2.14 2.17
GPT-3.5 247 2.59 2.59
+Few-Shot 2.68 2.61 2.69
GPT 40 mini 2.77 2.75 2.60
+Few-Shot 2.51 2.59 2.70
Gemini Flash 2.56 2.72 2.69
+Few-Shot 2.81 2.66 2.65
GPT-2 1.45 1.34 1.39
+FineTuning 2.21 2.14 1.99
+Prompting 2.26 2.11 2.39
+SimOAP 2.08 1.65 1.79
+SPT 2.34 2.29 2.19
+PAL(ours) 2.34 247* 2.57*
Llama 3.1 8B 2.83 241 2.55
+Few-Shot 2.57 1.76 243
+Prompting 2.85 2.79 2.68
+SimOAP 2.74 2.14 2.69
+SPT 2.88 2.48 2.63
+PAL(ours) 2.89 2.80 2.74%

Table 7: Human evaluation results on Baidu-Chat dataset. The best results are in bold while the
secondary results are marked underlined. * denotes statistically significant (p<0.05) improvements
over baselines on the same foundation models.
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C Prompts for Closed-Source LLMs

For our experiments with closed-source large language models on personalized dialogue tasks, we use
the following standardized prompt:

Prompt for closed-source large language models
The user’s persona is described with: <personas>.
Please generate a response to the dialogue.
Dialogue context: <dialogue context>.

Response: <response>

This prompt is exactly the same as the prompt for Persona-Enhanced Dialogue Generation in Sec-
tion 2.1.2 and is consistently applied across all closed-source model evaluations to ensure comparability
of results.

D Examples from Baidu-Chat

In this section, we present responses from different models on the Baidu-Chat dataset, along with their
corresponding automatic metric scores and human evaluation results. These results are provided in
Table 8. The selected case from the Baidu-Chat dataset is consistent with the findings discussed in
the Case Study section (Section 5.4). Furthermore, the response quality in this case is higher than that
observed in the PERSONA-CHAT dataset, which aligns with the superior performance reflected in both
the automatic metrics and human evaluation results.
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Personas

P AR FHMIEATA « (I was one of the earliest users of Weibo.)
FAENELEVES - (I am a voice actor.)
B G ZAEEIE)id B - (1 once went fishing in Mohe.)

Dialogue Context

Person 1: RELZEANTIIE? (Are you not busy now?)

Person 2: NTHI, T4 FKEKIEIL- (No, I’m off work today.)

Person 1: WTRHIEE, RELTIET? (From what you’re saying, you’re already working?)

Person 2: &[], WELZESINT TIE, FREMEEES - (Yes, I've already started working. I'm a voice actor.)

Person 1: MEZE, {RAGTAENTEFZER, ARIRME T —ERMEFUTAE . (Wow, your job sounds amazing. Your voice must be really nice,
right?)

Person 2: FHIFE FIRHFIE, AT AT TIELMERTF H CHIBRT - (My voice is okay, but in this line of work, we have to take good
care of our throats.)

Person 1: H{, 100 . BuIEMMT 2 TIEERAZ ST - (Oh, Isee. It seems like no job is easy these days.)

Metrics Human Evaluation Results

Models Generated Responses BLEU-1 ROUGE-L C.score | Fluency Coherence PerCons
GPT 3.5 | W, BHSEAET o (Yes, it’s really not easy.) | 2849 14.72 -1 3/3 2/3 171
GPT4omini | &, RIFBRFHLMREE, THERIMNIMTFER | 459 12.54 1 3/3 2/3 212

FERFEHIN . A BB TIEHE TP
FURE - WT, WHIREH 25 HSBEFR? (Yes,
protecting your voice is really important, especially for pro-
fessions like ours that rely on vocal expression. But I think
every job has its own challenges and joys. By the way, do you
have any special hobbies?)

Gemini Flash | LA S, NEBREBRNEHREE, REEEE | 674 14.41 1 33 33 373
WMEA? M—ERERER! SZE—TIREZH,

FARAENTHT o (It’s really not easy, but I think your experi-
ences are quite rich—you once went fishing in Mohe? That
must have been really interesting! Share your story, I'd love

to hear it.)
GPT-2 FATAT LA MRS ? (Can we be friends?) 7.69 11.28 0 33 1/1 1/1
+PAL R, FLETES TIEARZS o (Yeah, being a voice actor | 15.38 9.95 1 212 312 3/3
isn’ teasy.)
Llama3.18B | 2, TEAE S, BREEHEEBFEALES - (Yes, | 19.79 14.10 1 3/3 312 171
work isn’ t easy, but I think life isn’ t easy either.)
+PAL EW, TIEEAZES - YR, WEREMT LRI | 29.09 24.18 1 33 3/3 32

227 We? (Yes, work really isn’ t easy. Speaking of which,
do you have any special experiences?)

Table 8: Case study comparing our framework with several strong baselines in the Baidu-Chat data-
set. Bold text indicates alignment with personas. PerCons refers to persona consistency. Human eval-
uation results are shown in the format A/B, where A and B correspond to the scores assigned by the
first and second annotators, respectively.
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