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Abstract

Multi-session personalized dialogue generation
is one of the most important topics in open-
domain dialogue. It aims to generate responses
consistent with the dialogue history and per-
sonality information across multiple sessions
to engage users’ interest in the dialogue. Re-
cent approaches focusing on history modeling
and persona modeling have advanced the devel-
opment of this field. However, they overlook
the importance of dialogue structure in helping
large language models (LLMs) understand the
dialogue context. Moreover, these methods do
not efficiently expand and utilize personality
information, reducing the responses’ consis-
tency. In this paper, we propose a Persona-
Aware LLM-enAnCEd(PALACE) framework
for multi-session personalized dialogue gener-
ation. Specifically, the framework consists of
three components: a topic-aware memory bank,
a persona prompt learning module, and VAE-
LoRA. The topic-aware memory bank works by
retrieving historical information that possesses
a certain dialogue structure and relevant topics.
The persona prompt learning module enhances
the LLM’s persona-aware capabilities by utiliz-
ing a persona commonsense knowledge graph
and a query-driven graph neural network. Fur-
thermore, to enhance the generative capabili-
ties of the LLM and obtain more useful prior
knowledge, we combine VAE with LoRA to
propose VAE-LoRA. Experimental results on
the MSC and DuLeMon dataset demonstrate
that our framework outperforms the state-of-
the-art methods in automatic and human evalu-
ation metrics®.

1 Introduction

Personalized dialogue generation has become one
of the crucial tasks in open-domain dialogue sys-
tems (Zhang et al., 2018). It aims to generate re-
sponses consistent with personality information
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Chatbot Personas Expanded Personas

{1. Travelers focus on local cuisine,

scenery, and culture.
i |2 Traveling alleviates stress

{1. 1've always wanted to travel to Europe. |
| 2.1 don't like going out in winter.
i

History Session

} Turn 3 : This year there are many travel activities. Do you have any travel plans?

Turn 4 : Really? I've always wanted to go to Europe, but | have too much work this
year, and my boss probably won't allow me to take time off.

{Turn 17 ¢ I recently traveled to the United States, and it was truly beautifull |
that you visit as well.

{ Turn 18 : Yes! | visited the United States a few years ago, and | really enjoyed the i
{_ scenery there. Which cities have you visited? o

2\ Turn 45 : The holidays are coming up soon. How do you plan to spend them?

Turn 46(a) : | might have to spend this holiday at the office. As you know, (here 's
been a lot of work this year. Once things finished, Fwant-te-travel to-the United
States inthe winter,

[wm the place | haven't been before with my friends.

Turn 46(c) : There's a lot of work this vear, so Il probably be working at the office
this holiday. Once the work is done, | want to-travel to-Europe-in-winter where the

winter scenery is beautiful.

Ihave previously visited the United States, trn-geing to-travel this k

User Chatbot

Ground Truth : | have a lot of work this year, so I'll probably spend the holiday at
the office. When I'm free, | want to travel to Europe. I've never been there, and I'm
attracted to the food and culture. Itll be a nice way to relax. What about you?

Figure 1: An example of varying response outcomes
from LLMs in multi-session personalized dialogue. Text
related to dialogue history is underlined, and personas
are highlighted in red. Strikethrough text indicates in-
consistency with history or persona. Text that is both
highlighted in red and underlined represents expansions
on persona.

and dialogue history. Personality information
can make generated responses more specific and
comprehensive, thereby improving user engage-
ment (Kwon et al., 2023). Most existing per-
sonalized dialogue models focus exclusively on
the dialogue history of the current session (Dinan
et al., 2019). It remains unable to establish long-
term interactions with humans in multi-session
dialogue (Chen et al., 2024), especially in multi-
session personalized dialogue generation. In real di-
alogue scenarios, it is often necessary for dialogue
models to possess the ability for long-term compan-
ionship and familiarity (Li et al., 2024a) .As shown
in Figure 1, in authentic dialogues, multi-session
personalized dialogue encompasses dialogue his-
tory from multiple sessions, significantly surpass-
ing the constraints of traditional personalized dia-
logue limited to 16 turns (Huang et al., 2020).
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Existing methods for multi-session personalized
dialogue generation primarily focus on history
modeling and persona modeling. History model-
ing can be further divided into summary-based, ex-
panded context window, and retrieval-based meth-
ods (Zhong et al., 2023; Kim et al., 2024b; Wang
et al., 2024b; Lee et al., 2023a). Summary-based
methods typically use prompts or instructions to
enable generative models to summarize dialogue
history. Expanded context window methods in-
crease input capacity by altering the generative
model’s architecture (Li et al., 2024b) but may risk
losing critical historical information or intro-
ducing noise. For example, in “Turn 46(a)” of
Figure 1, the chatbot infers “I might have to spend
this holiday at the office” but loses the historical
detail “I visited the United States”. To direct the
model’s attention to critical historical information,
many studies have explored the use of retrieval-
based methods. They utilize retrieval models to
obtain relevant dialogue information (Liu et al.,
2023b). While these approaches allow access to
pertinent historical information, they can disrupt
the dialogue structure, hindering the model’s un-
derstanding of dialogue history (Yin et al., 2023).
As shown in “Turn 46(b)” in Figure 1, although
the chatbot can retrieve that “I visited the United
States”, it overlooks the statement “I have too much
work this year” mentioned in “Turn 4”, resulting in
a response inconsistent with the dialogue history.

Persona modeling aims to expand the sparse per-
sonality information in multi-session personalized
dialogue (Zheng et al., 2019; Li et al., 2016; Cao
et al., 2022). Existing expansion methods primar-
ily involve using external knowledge bases (Lim
et al., 2023; Liu et al., 2022) or mining new per-
sonality data (Zhou et al., 2021; Tang et al., 2023a).
The former provides more explicit character knowl-
edge (Zhou et al., 2023), while the latter can reveal
implicit personality present in the dialogue (Huang
et al., 2023; Liu et al., 2023a, 2020). However,
a large volume of dialogue can result in an over-
whelming amount of expanded personality infor-
mation for the model. This poses challenges for
the input size of generative models and may lead
the model to focus on personas that are incon-
sistent with the dialogue context due to exces-
sive persona information. As illustrated in “Turn
46(c)” in Figure 1. Although the model can gener-
ate traveler-related attributes like “where the winter
scenery is beautiful” from the expanded personas,
it overlooks the statement “I don’t like going out

in winter” from “Chatbot Personas” resulting in
responses that are inconsistent with the personas.

In this paper, we utilize the large language
model (LLM) as the dialogue generator. To ad-
dress the aforementioned challenges, we propose a
Persona-Aware LLM-enhAnCEd(PALACE) frame-
work for multi-session personalized dialogue gen-
eration. Specifically, our framework consists of
three main components: topic-aware memory bank,
persona prompt learning, and VAE-LoRA (see the
framework in Figure 2). The topic-aware mem-
ory bank aims to obtain both relevant history and
dialogue structural information simultaneously. It
retrieves information relevant to the current query
topic while maintaining the dialogue structure from
long-term dialogue history. We also introduce a
topic detector to obtain information consistent with
the current query topic in the short-term history
while preserving the original dialogue structure.
The persona prompt learning module aims to
enhance the LLM’s persona-aware capabilities and
extract deeper personality information relevant to
the current dialogue context. It first constructs a
unique persona graph for each person in the dia-
logue with a knowledge graph and a triples extrac-
tor, and then designs a query-driven graph neural
network and a persona prompt learning mechanism
to lead the model to focus on character attributes
consistent with the current dialogue context. There-
fore, it can utilize relevant knowledge to extract
deeper personality information. Finally, to further
enhance the generative capabilities of the LLM and
incorporate useful prior knowledge, we propose
VAE-LoRA. VAE-LoRA injects hidden dialogue
information from the query and golden response
during the training process and introduces addi-
tional prior knowledge by maximizing mutual in-
formation. Armed with these three components,
PALACE can generate the ground truth response
shown in Figure 1.

We conduct experiments on MSC dataset (Xu
et al., 2021) and DuLeMon dataset(Xu et al., 2022).
Our framework consistently outperforms the com-
pared baselines across various backbone LLMs
on both automatic evaluation and human evalu-
ation. Furthermore, ablation studies confirmed that
components of topic-aware memory bank, persona
prompt learning, and VAE-LoRA contribute to the
performance improvement of our framework on the
MSC dataset and the DuLeMon dataset.

Our contributions can be summarized as follows:
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* We propose a Persona-Aware LLM-
enhAnCEd framework for multi-session
persznﬁed dialogue generation(PALACE),
which effectively enables the LLMs to gen-
erate responses consistent with the dialogue
history and personality information.

* We introduce the persona prompt learning
method that enhances the LLM’s persona-
aware capabilities while alleviating the issue
of personality sparsity in dialogue.

* We propose VAE-LoRA, which effectively
provides the LLM with useful prior knowl-
edge to enhance its dialogue generation capa-
bilities.

» Experimental results on the MSC dataset and
the DuLeMon dataset demonstrate that our
framework consistently outperforms the state-
of-the-art baseline in both automatic evalua-
tion metrics and human evaluation metrics.

2 Methodology

We present detailed descriptions of our framework
in this section. As shown in Figure 2, the topic-
aware memory bank is presented to retrieve his-
tory relevant to the current query’s topic while pre-
serving the dialogue structural information (Sec-
tion 2.2). Persona prompt learning is designed to
effectively alleviate the persona sparsity problem
and uncover deeper personality information (Sec-
tion 2.3). Moreover, VAE-LoRA is proposed to
effectively incorporate latent prior knowledge from
dialogues into the LLM (Section 2.4).

2.1 Problem Formalization

The goal of multi-session personalized dialogue
generation is to generate the response r consistent
with context C' and the provided personality in-
formation P. Formally, we denote the dataset D
by a list of N dialogues in format (C, P, r). Con-
text C' consists of the short-term dialogue history
from the current session X and the long-term di-
alogue history from previous sessions H. Here,
X =A{q,r1, .-, 4}, ¢; and r; represent the query
from the user and the response from the chatbot
in the i-th round of dialogue in the current session
respectively, and ¢; is the query waiting for a re-
sponse from the chatbot in the current round of
dialogue. H = {Hy, Ha, ..., Hys} denotes M dia-
logue sessions where H; = {h%,h, ..., hi, } indi-
cates that there are n; utterances in the i-th dialogue

session. P = { P}, Py, ..., Pr} denotes T persona
sentences. 7 is the golden truth response to ¢;. The
generation of our method can be formulated as

Tt:LM@<Cap)7 (1)

where LM is the language model and © is the
learnable parameters.

2.2 Topic-aware Memory Bank

To retrieve memories that are more relevant to se-
mantic and topic information from dialogue history
while preserving the original dialogue structure
to the greatest extent, we propose the topic-aware
memory bank. In our task, the dialogue history con-
sists of the long-term and the short-term dialogue
history. For long-term dialogue history, we use the
DPR model (Karpukhin et al., 2020) to retrieve the
top-k relevant histories based on similarity. Follow-
ing Cheng et al. (2024), we calculate Conversation
Edit Distance (Lavi et al., 2021) between utterances
in retrieved histories. We re-rank them based on
this score to preserve as much structural informa-
tion in the dialogue as possible.

For short-term dialogue history, we introduce a
benchmark for topic-shift aware dialog modeling
named by TIAGE (Xie et al., 2021). We trained a
topic shift detector on this dataset to assess short-
term dialogue history. If an utterance in the short-
term dialogue is unrelated to the current query’s
topic, it is discarded. This approach preserves the
structural information of the original dialogue se-
quence while filtering out irrelevant content.

Overall, our memory bank retrieves relevant his-
tory for LLMs based on semantic and thematic
relevance while maintaining the dialogue structure.
Compared to existing methods, this approach en-
hances LLM’s understanding of the conversational
context through structural information and allows
it to focus on more pertinent semantic information.

2.3 Persona Prompt Learning

To address personality sparsity, we introduce
a persona commonsense knowledge graph Pea-
CoK (Gao et al., 2023) to expand the personality
information with necessary commonsense knowl-
edge. To aggregate and extract deeper personality
representations to enhance the persona-aware capa-
bilities of the LLMs while filtering out inconsistent
noise present in the knowledge graph and avoiding
the issue of excessively long input caused by pro-
viding all persona sentences or triples, we propose
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Figure 2: The overall framework of our model, comprising three components: topic-aware memory bank, per-
sona prompt learning, and VAE-LoRA. “Emb." denotes “Embedding", “MIM" stands for “Mutual Information

Maximization"

persona prompt learning, which stores all rele-
vant personalized information in vector form. As
shown in Figure 2(b), persona prompt learning con-
sists of a persona graph and a query-driven GNN.
The persona graph includes two steps: persona
triples extraction and persona graph construction.

Persona triples extraction. For personalized
information, unstructured text often fails to cap-
ture an individual’s personality traits fully and typi-
cally contains numerous meaningless words, mak-
ing it challenging to summarize the relationships
between different persona attributes. We first trans-
form the explicit personas P and the implicit per-
sonas present in C' from the dataset into a unified
structured format. Following Li et al. (2023), we
train a model (RoBERTa-large (Liu et al., 2019))
on DNLI dataset (Welleck et al., 2019) to extract
persona triples in dialogues where the format of
triples is (el,r, e2). el and e2 represent the head
entity and tail entity, respectively, which include
the persona subject and persona attributes. 7 is the
relationship between persona subject(e.g. ) and
persona attributes derived from the 61 relationship
categories defined in the DNLI dataset. Similar to
the format of the DNLI dataset, the data provided
by PeaCoK is also in the form of triples (el, 7, €2).
In contrast, the head entity el also includes persona
sentences(e.g. I'm a freelance programmer), and
the relationships r from the knowledge graph are
categorized into eight types. More details about
persona triples can be found in Appendix C.

Persona graph construction. To accurately link
the head, tail entities and relationships of triples
in the knowledge graph simultaneously, we con-
vert the triples into their corresponding text forms
during the entity linking process and utilize the
DPR model (Karpukhin et al., 2020) for match-
ing. For example, triples from knowledge graph
“(i am a bass player, characteristic, enjoys music)”
is converted into “I am a bass player here is my
character trait enjoys music”. Based on triples
extracted in dialogues and linked triples from the
knowledge graph, we construct a persona graph for
each person in dialogues. Formally, persona graph
G = {V, &}, Vis the vertex of the graph including
persona sentences and persona attributes and £ is
the edge of graph including relationships between
persona sentences and persona attributes.

Query-driven GNN. Due to the numerous per-
sona attributes contained within the persona graph,
although they are related to the current persona,
they do not necessarily aid in responding to the cur-
rent query. For training, We modify the message-
passing process based on existing GNNs. First,
followingd Li et al. (2020) We initialize the rep-
resentations of the nodes in the graph using the
average of all token vectors from the first and last
layers of the language model. We incorporate a
query-driven attention mechanism into the graph
neural network and the representation of the i-th
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node at the (I + 1)-th layer is given by:

W =30 Y ok Wi £ W),

r€R jENT
(2)
Q' = tanh(H,W)), (3)
o = exp(Q' - (WEAL)) @

W1 S o eap(QL - (WIR))

where N/ denotes the set of neighbor indices of
node 7 under relation r € R, ali’ jr 1s the attention
score between node ¢ and neighbor j under rela-
tion r, Hy is the representation of query in current
utterance and it is initialized in the same way as
the nodes in the graph. W/, Wé, Wé and W,i are
learnable parameters. After aggregating the repre-
sentations of all nodes in the graph, we utilize a
pooling operation to obtain the persona prompt.

Formally, the tokenization result of the input
sentence is denoted as S = [t1,t2, ..., U, ..., tx]
where ¢; is the i-th token in input sentence and
u is the special token to be replaced by persona
prompt, denoted as “<Persona>". Due to the gap
between the vector space encoded by GNNs and
the semantic space of LLMs, we employ a multi-
layer perceptron (MLP) to map the persona prompt
into the semantic space of LLMs. We then encode
the prompt into a sequence of embeddings FE:

E = [et,, etyy o Cuy ey €1y ] 5)

€y = MLP(f(b(qu))’ (6)

where e;,, e, € R'* represent token embedding
for token ¢; and persona prompt respectively, d is
the dimension of language model, f corresponds
to the GNN described in equation 2 to equation 4.

2.4 VAE-LoRA

To improve the language model’s generation ability
by providing more effective prior knowledge, while
ensuring its performance in downstream tasks, we
creatively integrate the concepts of Variational Au-
toencoders (VAE) (Kingma and Welling, 2022) and
Low-Rank Adaptation (LoRA) (Hu et al., 2021)
named by VAE-LoRA, with the specific framework
illustrated in the Figure 2(c).

VAE-LoRA necessitates not only the hidden
state but also the query and response. The introduc-
tion of the query aims to extract latent themes, tone,
emotions, and other relevant information through
the VAE module. It also compels LLMs to focus
on the content that needs to be addressed, thereby

N
Encoder| —> Q

9
response |- |Encoder| ~>

train train and test

I

Figure 3: VAE module in VAE-LoRA. The dashed lines
represent the training phase, while the solid lines indi-
cate both the training and testing phases. “MIM” stands
for “Mutual Information Maximization”.

balancing attention to some extent. The inclusion
of the response is intended to provide relevant prior
knowledge, enabling LLMs to generate more mean-
ingful responses.

VAE-LoRA takes hidden states h, query ¢, and
golden response r as input. We first utilize en-
coders such as BERT (Devlin et al., 2019) to en-
code the query and golden response, obtaining their
corresponding representations:

hq = encoder(q); hy = encoder(r).  (7)

As illustrated in Figure 3, to sample the latent
vector of query and response, we use the reparame-
terization trick to make all the processes derivable:

Zqg = pg + 0q X €g, €4 ~ N (0, 1), (8)

zT:MT+UTX6T)ETNN(07[)) )

where 114,04, ftr, 0, are fitted by prior networks
and posterior networks with h, and h,. respectively.
We use KL distance to approximate them. The loss
of the VAE module is defined as follows:

Lyap = aK L(gs(zrlq, m)|lpg(2qla))+

) (10)
BELN (pg; 0 DIN(0, 1)),

where gg(zr|q,7) and py(24|q) are approximate
posterior distribution and approximate prior distri-
bution respectively. « and 5 are hyperparameters.
And we define output 2’ of VAE-LoRA as follows:

h/ - hW + hWinWOMt + Zq ézllapterwgcqlgpter
=hW + (RW™ + 2, ;gapter)wout,
(11

where W is the parameters of the original language
model. W and W°“ are weight matrices of the
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original LoRA. ngapt o and ngjpt o are the pa-
rameter matrix of the adapter designed to bridge
the gap between the implicit vectors extracted by
the VAE and the original model’s vector space. Fol-
lowing Zhang et al. (2024), we share W% with
W;C%pter to better adapt to downstream tasks.

For training, it is essential not only to incorpo-
rate the response but also to ensure that the latent
information in the query and in the response have
mutual information maximization (MIM), thereby
guaranteeing the consistency of themes, emotions,
and other latent information. Moreover, inspired by
Zhang et al. (2023), we align the distance between
the task-specific and latent vectors from the VAE
module with MIM. Task-specific representation %
in VAE-LoRA is formulated as:

B = hW + hWinpout, (12)
While for inference, only the hidden state and the
query need to be passed in.

The total loss during training of VAE-LoRA is
defined as follows:

L=LcgeN+ Lvae +vLrim
= — By, (zylqm) [log(LMo(r|2, C, P))]
+ aK L(qg(2r|q,7)||Po(24]9))
+ BKL(N (g, 03 D[N (0, 1))
+y Y MIM®W K,
v(r' B

(13)

where Lg g is the generation loss of the language
model, Lyrrm Ais the loss between task-specific
representation i’ in VAE-LoRA and latent vectors
h' from the VAE module, M IM is the method
to get maximum mutual information, in practice,
both mean square error and KL divergence can be
applied and v is the hyperparameter.

3 Experimental Settings

Due to space limitations, additional details regard-
ing the experimental setup (such as dataset statis-
tics, baseline descriptions, human evaluation de-
tails, and parameter settings.) can be found in the
Appendix D.

Dataset. We conduct experiments on the Multi-
Session Chat (MSC) dataset(Xu et al., 2021),
the largest high-quality English dataset of multi-
session personalized dialogues. We also conduct
experiments on the large-scale Chinese dataset

of multi-session personalized dialogues DulLe-
Mon (Xu et al., 2022) to demonstrate the gener-
alizability of our method, further details can be
found in the Appendix F due to space limitations.

Metrics. Following previous works (Li et al.,
2024b,a), we adopt BLEU-1/2/3, ROUGE-L,
BERTScore (Zhang et al., 2020), G-Eval (Liu
et al., 2023c¢)for automatic evaluation. For human
evaluation metrics, we evaluate the generated re-
sponses for fluency, consistency, sensibleness, and
engagingness, assessing whether they are fluent,
consistent with the dialogue history and persona
information, meaningful, and capable of engaging
the user to encourage continued conversation.

Baselines.We introduce two categories of base-
lines, pre-trained-based approaches including
BlenderBot (Roller et al., 2021) and HAHT (Zhang
et al., 2022) and LLM-based approaches including
vanilla LLM, ChatGPT, CPD (Fan et al., 2024),
StreamingDialogue (Li et al., 2024b) and LD-
Agent (Li et al., 2024a) to compare the performance
of our method.

4 Results and analysis

We present the experimental results of the auto-
matic evaluation, human evaluation, and ablation
study in this section. More experimental results
can be found in Appendix B (case study), F (experi-
ments on DuLeMon), E (ablation study on different
sessions), G(analysis on VAE-LoRA), H (analysis
on dialogue structure) I (evaluation of different
hidden states in the GNN) and J (Performance vali-
dation of Query-driven GNN). Furthermore, due to
space constraints in the figures and the consistent
trends between BERTScore and G-Eval across all
experiments, G-Eval is omitted from some of the
tables.

4.1 Automatic Evaluation

The automatic evaluation results of different mod-
els on the MSC dataset can be found in Table 1.
The results indicate that (1) our framework outper-
forms baselines on all automatic evaluation metrics
across different backbones, demonstrating its ef-
fectiveness. (2) LLM-based models outperform
pre-trained models, with only a small gap between
base LLMs and fine-tuned models, demonstrating
the significant potential of LLMs for this task. (3)
Comparing StreamingDialogue with other meth-
ods, it is evident that the context window extension
method has significantly lower R-L scores than the
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Table 1: Automatic evaluation results of different mod-
els on MSC dataset. B-1, B-2, B-3, R-L, BS denote the
average BLEU-1, BLEU-2, BLEU-3, ROUGE-L and
BertScore scores across all sessions on the MSC respec-
tively. The best results are in bold and the second-best
results are in underlined.

Model ‘ B-1 B-2 B-3 R-L BS G-Eval
Pre-trained model
BlenderBot - 491 153 16.05 -
HAHT - 510 1.59 16.58 -
LLM-based model
ChatGLM 19.20 554 150 1649 48.60 3.25
Llama2 17.34 437 121 1029 4525 3.1
ChatGPT 1896 577 1.51 16.84 5047 3.70
CPD 1245 441 - 12.14 - -
StreamingDialogue 1933 - - 15.86 - -
LD-Agent 19.54 731 251 1844 5236 3.84
PALACE (ChatGLM) | 20.17 7.92 2.73 20.27 54.68 3.97
PALACE (Llama2) 21.04 831 2.70 1898 54.09 394

retrieval-based methods. As it introduces excessive
noise by providing all dialogue context, making it
difficult for the LLM to discern relevant informa-
tion and recall the correct answers. (4) Our method
achieves the greatest improvement in R-L scores,
indicating its ability to effectively recall relevant
information from lengthy dialogue histories and
abundant personality information. The improve-
ment in B-3 is relatively low, as in open-domain
dialogue, the range of model responses is quite
broad. Additionally, our framework expands per-
sonality information and incorporates more prior
knowledge, making complete alignment with the
gold responses challenging.

4.2 Evalutaion on different sessions

To further validate the feasibility of our framework
with varying dialogue history scales, we present
the experimental results on various sessions on the
MSC, as shown in Table 2. The data from the first
session lacks effective dialogue history, and the
personality information is relatively subtle, which
does not align well with the characteristics of multi-
session personalized dialogue generation. There-
fore, we evaluate our method with the last four
sessions of the dataset, specifically sessions 2 to 5.

From the results, we can draw the following con-
clusions: (1) Under different scales of dialogue
history, our framework shows significant improve-
ments across all metrics compared to baselines. (2)
Methods that are neither fine-tuned nor attentive
to dialogue structure exhibit high sensitivity to di-
alogue history. For example, ChatGLM, Llama?2,
and LD-Agent show a decline in performance as

the scale of dialogue history increases. (3) It can
be observed that within the range of sessions 2
to 4, our method exhibits a steady performance
increase with the addition of sessions, while the
evaluation results for session 5 show a decline com-
pared to those of sessions 2 to 4. This indicates our
method effectively retrieves historical information
relevant to the current query while integrating ad-
ditional persona information and prior knowledge
from these histories. As the dialogue history in-
creases, the amount of useful information utilized
by our framework also increases. However, this
capability has limits, when dialogue interactions
exceed 60 turns, lengthy histories can introduce
noise that adversely affects model performance.

4.3 Human Evaluation

We measure the inter-rater reliability with Fleiss’
Kappa (Fleiss and Cohen, 1973). Our annotations
obtain “good agreement” for Fluency (0.573) and
Consistency (0.526) and “moderate agreement” for
Sensibleness (0.611) and Engagingness (0.693)
among 6 annotators. Table 3 presents the results
of human evaluations for different models on the
MSC dataset. From the results, we can observe that
(1) our framework outperforms the compared base-
lines on all human evaluation metrics, with Llama2
demonstrating improved performance after being
trained with our framework. (2) Our method shows
the most significant improvements in consistency
and sensibleness, indicating that it effectively en-
ables LLMs to focus on relevant dialogue history
and personality information. In contrast, the im-
provement in fluency is the least pronounced, as
LLMs inherently possess strong dialogue genera-
tion capabilities, enabling them to produce fluent
responses. (3) Our method achieves the highest
scores in engagingness, signifying that our model
can effectively expand personality information and
enrich the generated content, leading users to have
a strong willingness to continue the conversation.

4.4 Ablation Study

To demonstrate the effectiveness and generality of
our proposed method, we design ablation experi-
ments for different modules within the framework
using two distinct backbone models. We conduct
ablation experiments on the three key modules:
topic memory bank, persona prompt learning, and
VAE-LoRA, with the results presented in Table 4.

From the results of the ablation experiments, we
observe that (1) all modules contribute positively
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Table 2: Automatic evaluation results of different models on MSC dataset. B-1, B-2, B-3, R-L, BS denote BLEU-1
BLEU-2, BLEU-3, ROUGE-L and BertScore respectively. The best results are in bold and the second-best results

are in underlined.

Model ‘ Session 2 ‘

Session 3

‘ Session 4 ‘ Session 5

|B-1 B-2 B3 RL BS |B-1

B-2 B-3 R-L BS

B-1 B-2 B-3 R-L BS |B-1 B-2 B-3 R-L BS

pre-trained model

BlenderBot - 4.76 1.51 16.18 - - 5.03 1.61 16.39 - - 478 1.49 15.56 - - 4.98 1.48 16.10 -
HAHT - 5.07 1.57 16.90 - - 527 1.67 16.72 - - 5.00 1.55 15.97 - - 5.16 1.60 16.42 -
LLM-based model

ChatGLM 19.29 544 1.49 16.76 48.77[19.21 5.18 1.55 15.51 48.63|19.15 5.74 1.52 16.68 48.5519.02 5.92 1.45 16.63 48.07
Llama2 17.39 4.47 1.21 10.43 45.02(17.34 4.39 1.22 10.33 45.48|17.32 4.32 1.21 10.25 45.28|17.16 4.20 1.17 10.03 44.97
ChatGPT 19.29 5.85 1.50 16.83 50.60|18.96 5.74 1.45 16.61 50.52|18.79 5.62 1.43 16.76 50.48|18.35 5.63 1.62 17.00 49.74
StreamingDialogue |18.33 - - 13.53 - 19.27 - - 15.67 - 19.33 - - 15.86 - 19.16 - - 15.21 -
LD-Agent 19.51 7.38 2.63 18.84 52.97|19.30 7.40 2.57 18.31 52.46|19.25 7.16 2.31 18.08 52.05|19.10 7.11 2.31 17.68 51.32
PALACE (ChatGLM) [20.10 7.91 2.68 20.28 54.68|20.40 7.93 2.67 20.51 54.80|20.69 8.24 2.93 20.94 54.47|19.78 7.65 2.67 19.33 54.46
PALACE (Llama2) |20.95 8.13 2.66 18.96 53.25|20.87 8.29 2.70 19.22 53.63|21.45 8.64 2.77 19.32 55.28|21.29 8.54 2.66 18.83 53.28

Table 3: Human evaluation results of different models
on MSC dataset. Flu., Con., Sen., Eng. denote Fluency,
Consistency, Sensibleness, and Engagingness respec-
tively. The best results are in bold and the second-best
results are in underlined.

Model | Flu.  Con. Sen. Eng.
ChatGLM 3.50  3.00 3.13 3.31
Llama2 3.47 3.02 3.20 3.29
ChatGPT 3.80 3.21 3.17 3.66
LD-Agent 3.74 329 3.38 3.73

PALACE (ChatGLM) | 395 3.61 386 3.88
PALACE (Llama2) 386 393 394 397

to the model’s performance. (2) The impact of
the topic-aware memory bank on performance is
relatively low, as LLMs used in the ablation exper-
iment for this module are not fine-tuned. In con-
trast, VAE-LoRA has the most significant impact
on performance, as effective prior knowledge plays
a crucial role in dialogue generation. (3) Efficient
historical information enhances the fine-tuning po-
tential of LLMs. On ChatGLM and LLaMA, w/
TMB & PPL and w/ TMB & VAE-LoRA outper-
form w/ PPL & VAE-LoRA. (4) w/ VAE-LoRA can
capture useful prior information, such as personal-
ity information in dialogues. Comparison between
w/ VAE-LoRA and w/ VAE-LoRA & PPL shows
a slight improvement, indicating that VAE-LoRA
has partially acquired relevant prior information.
The ablation experimental results across different
sessions can be found in Appendix E.

5 Related Work

To enhance the consistency and distinctiveness of
dialogue responses, multi-session personalized di-
alogue generation has been proposed (Xu et al.,

Table 4: Ablation experiments on the MSC dataset.
TMB stands for Topic-Aware Memory Bank, PPL refers
to Persona Prompt Learning. B-1/2/3, R-L, BS denote
the average BLEU-1/2/3, ROUGE-L and BERTScore
scores across all sessions on the MSC, respectively. The
best results for each backbone model are in bold.

Model | B1 B2 B3 RL BS

ChatGLM (Base) 1920 554 150 1649  48.60
w/ TMB 1946 745 237 1936 52.33
w/ PPL 1944 751 252 1967 5217
w/ VAE-LoRA 1987 771 255 1987 53.86
w/ TMB & PPL 1995 778 259 2008 54.27
w/ TMB & VAE-LoRA | 20.04 7.86 264 2023 5441
w/PPL & VAE-LoRA | 1993 7.75 257 1999 5429
PALACE (ChatGLM) 2020 793 273 2027 54.68
Model | B-1 B2 B-3 R-L BS

Llama2 (Base) 1734 437 121 1029 4525
w/ TMB 1792 490 151 1283  46.63
w/ PPL 2056 8.05 253 1872 53.83
w/ VAE-LoRA 2051 816 259 1877 53.77
w/ TMB & PPL 2070 825 262 1896 53.96
w/ TMB & VAE-LoRA | 20.67 828 264 1898 53.78
w/PPL & VAE-LoRA | 2056 820 2.60 18.88 53.81
PALACE (Llama2) 21.06 835 270 19.01 54.09

2021, 2022). Existing methods primarily focus on
history modeling and persona modeling. We review
classic works from these two categories of methods
in the introduction, a comprehensive discussion of
related work is available in Appendix A.

6 Conclusion

In this paper, we propose a persona-aware LLM-
enhanced framework for multi-session personal-
ized dialogue generation including three compo-
nents, topic-aware memory bank, persona prompt
learning, and VAE-LoRA. Topic-aware memory
bank retrieves history while preserving dialogue
structure. To enhance LLM’s persona-aware capa-
bilities, persona prompt learning. VAE-LoRA is
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employed to obtain more useful prior knowledge,
enhancing the generative capabilities of LLMs. Ex-
perimental results on two datasets show our frame-
work outperforms the state-of-the-art methods in
automatic and human evaluation metrics.

7 Limitations

One limitation is that we conducted experiments
solely on the MSC and DuLeMon datasets. How-
ever, to the best of our knowledge, these are cur-
rently the only two datasets available for multi-
session personalized dialogue generation. In the
future, we plan to construct more datasets for multi-
turn personalized dialogues in English and test our
framework with them.
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A Related Work

History modeling can be categorized into memory
mechanism and context window expansion. An effi-
cient memory mechanism has a significant positive
impact on understanding dialogue history. Early
memory networks (Chu et al., 2018; Shuster et al.,
2022) were designed to enhance representational
capacity for better context modeling. With the
continuous breakthroughs of LLMs in dialogue
generation, some works have attempted to transfer
the concepts of memory mechanisms, resulting in
the categorization into retrieval-based methods and
summary-based methods. Retrieval-based meth-
ods primarily involve training a retriever to extract
relevant historical information from the memory
bank (Kim et al., 2024b; Lee et al., 2023a). While,
summary-based methods typically provide prompts
to summarize pertinent information from the mem-
ory bank (Zhong et al., 2023; Wang et al., 2024b).
Although both approaches effectively enable the
model to access long-term historical details, they
disrupt the dialogue structure and are prone to los-
ing critical information. Expanding the context

window 1is primarily achieved by modifying the
internal structure of the model or the attention com-
putation mechanism (Li et al., 2024b; Tworkowski
et al., 2023). This approach allows the model to
access all historical information with a dialogue
structure but also introduces significant noise.

To enrich the personality information and bet-
ter model human reasoning abilities in dialogues,
persona modeling aims to expand the sparse person-
ality information in multi-session personalized dia-
logue (Wu et al., 2021; Qian et al., 2017; Song et al.,
2021, 2019; Kim et al., 2022). Existing expansion
methods primarily involve the introduction of ex-
ternal knowledge bases (Jang et al., 2022; Ma et al.,
2021) or the extraction of new personality informa-
tion (DeLucia et al., 2024; Lee et al., 2023b; Tang
et al., 2023b). Commonsense knowledge graph
is one of the most important external knowledge
bases(Kim et al., 2023, 2024a; Majumder et al.,
2020). PeaCoK (Gao et al., 2023) is a large persona
commonsense knowledge graph that contains ap-
proximately 100K manually verified character facts.
PeaCoK knowledge graph provides rich persona
commonsense reasoning for downstream systems,
aiding in generating more consistent and engaging
narratives. Commonsense knowledge can effec-
tively enhance a model’s ability to reason about
personality, how to filter relevant knowledge re-
mains a key challenge. To effectively explore po-
tential persona information within dialogues, many
studies have applied persona extraction to construct
or expand a persona’s knowledge grap-h (Zhong
et al., 2022). Persona extraction is similar to tra-
ditional extraction tasks, typically involving the
extraction of persona triples or related information
present in dialogue or personality data (Zhu et al.,
2023; DeLucia et al., 2024). Previous work has
introduced various generative models to achieve
persona extraction (Sang et al., 2022; Wang et al.,
2022; Zhu et al., 2023). Additionally, some stud-
ies have attempted to incorporate Welleck et al.
(2019) to ensure the consistency of extraction re-
sults through natural language inference (Wang
et al., 2022; Song et al., 2020).

In this paper, our work not only retrieves rele-
vant historical information for the model but also
effectively preserves the original dialogue structure
of the dialogue history, enhancing the model’s un-
derstanding of the dialogue context. Furthermore,
unlike existing methods that explicitly expand per-
sonas, our approach utilizes prompt learning to
store the expanded character information in im-
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plicit vectors and employs graph neural networks
to obtain character attributes consistent with the
current dialogue context. Finally, unlike current
fine-tuning methods for LLMs on dialogue data,
we propose VAE-LoRA, which provides effective
prior knowledge to the LLM and demonstrates its
efficacy. Our method not only focuses on history
modeling but also emphasizes personalized repre-
sentations. Therefore, we selected multi-session
personalized dialogue datasets such as MSC and
DuLeMon, rather than a single multi-session dia-
logue dataset.

B Case Study

Table 5 presents an example of the generated re-
sults from different models on the MSC dataset.
Compared to the results of the previous start-of-
the-art method, the LLMs trained using our pro-
posed framework not only understand and utilize
relevant information from the dialog history but
also accurately present the pertinent personality in-
formation. From the examples in the table, we can
observe that when the user asks for running advice,
our method recalls relevant historical information
and incorporates it into the generated response. For
instance, “a short walk” and “slowly add” cor-
respond to “start out slowly” and “a short walk”
from the previous dialog history. Moreover, our
method not only generates accurate and relevant
personality information but also produces pertinent
persona knowledge. “Protein” corresponds to “I
eat a protein-heavy diet”, while “5 miles” corre-
sponds to “I could run 5 miles”. “Give you more
motivation” and “boost your energy” serve as ex-
pansions of the personality information related to
“protein-heavy diet” and “Regular runners often
warm up” expands on the personality information
associated with “I could run 5 miles”.

C Persona triples extractor

Following Li et al. (2023), we also train a RoOBERTa
model” on DNLI to implement a persona triples ex-
tractor, where the extracted triples are in the form
of (el,r,e2). Since we need to construct a unique
user graph for each person in every dataset, el
is typically in the first person, while triples that
are not in the first person are ignored to prevent
introducing noise. The relation r denotes the rela-
tionship between el and e2. In the DNLI dataset,

"The fine-tuned RoBERTa-large model achieves 79.8%
micro-F1 on DNLIL.

Table 5: A case study of the MSC dataset. Historical
relevant content is in bold, personality-related informa-
tion is in bold and underlined, and valid personality
expansion information is highlighted in red.

Chatbot’s Personas

1. T try to run five miles per day.
2. It took me 3 months of training before I could run 5 miles
3. I eat a protein-heavy diet

History Sessions

[Session 1]

User:

I wish I could exercise more, I’ve
got the kids running me around all
day.

Chatbot: How is your diet? I try to stay with

meat and proteins.
[Session 2]

User:

...Do you have any advice on how to
start a running routine?
Chatbot: Start out slowly, if you are not used

to exercising, the best thing to do is
just walking

Current Session

User: ...How long did it take you to get up

to that long of a run?

‘We have been running consistently for
about 7 months. I feel that consistency
is the key to being successful in
running. You should start running a
little when you go for a walk.

Maybe I will start! Any other tips?
How long should we shart?

Chatbot:

User:

Responses from different models

LD-Agent: I think it is important to start with a
short walk and then build up to
longer walks. I would recommend
starting with a 10 minutes walk.

PALACE(ChatGLM): You can start with a short walk before

running and gradually increase your

running time. If you stick with it,
you can run 5 miles like me. On runn

-ing days, eating some high-protein

foods can give you more motivation.

I would start with a 20 minute walk

and then slowly add on a minute each

day. I think that is the best way to

get. Regular runners often warm up

this way. You can also boost your

energy by increasing your protein
intake.

PALACE(Llama?2)

some relations are in the form of rl_r2, where
rl is a verb and r2 is a noun. In our work, we
select 46 relations for training based on their fre-
quency of occurrence in the DNLI dataset, result-
ing in the following set of relations: { place_origin,
live_in_citystatecountry, live_in_general, national-
ity, employed_by_company, employed_by_general,
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has_profession, previous_profession, job_status,
teach, school_status, has_degree, attend_school,
like_general, like_food, like_drink, like_animal,
like_movie, like_music, like_read, like_sports,
like_watching, like_ac-tivity, like_goto, dislike,
has_hobby, has_ability, member_of, want_do,
want_job, want, favorite, favorite_food, fa-
vorite_color, favorite_book, favorite_movie, fa-
vorite_music, favorite_music artist, favorite_activ-
ity, favorite_drink, favorite_show, favorite_place,
favorite_hobby, favorite_season, favorite_animal,
favorite_sport, own, have, have_pet, have_sibling,
have_children, have_family }.

For the persona commonsense knowledge graph
PeaCok, the dataset includes eight types of rela-
tions. However, not all relations contribute to
the expansion of persona information in MSC.
PeaCok contains many persona-specific rather
than general attributes. For example, the triple
(“I am a famous pianist”, “experience”, “win
a Grammy award”) does not effectively expand
the persona of a “pianist”, as not all pianists
“win a Grammy award”. Therefore, to filter out
this noise, we manually selected five general re-
lations. They are “characteristic”, “character-
istic_relationship”, “routine_habit_relationship”,
“goal_plan_relationship”, “experience_relationshi-

3

p .
D Detailed experimental settings

D.1 Dataset

We conduct our experiments on the Multi-Session
Chat(MSC) dataset (Xu et al., 2021) which is the
largest high-quality English dataset of long-term
personalized dialogues so far. The dataset was
collected by co-workers chatting according to spec-
ified scenarios and personality information. The
personality information is provided as a series of
sentences describing characteristics, events, and
opinions. The training set of MSC contains 4 ses-
sions and the test set comprises 5 sessions. Each
session includes a maximum of 14 utterances, with
intervals between conversations ranging from a few
hours to several days. The statistics of the dataset
are shown in Table 6. Because session 1 has no
session dialogue history, we mainly evaluate our
method in sessions 2-5.

D.2 Baselines

We introduce two categories of baselines, Pre-
trained-based approaches, and LLM-based ap-
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Table 6: The statistics of MSC dataset. We show the
number of dialogues(#Dialog), and utterances(#U'tts)
on the train set, the valid set, and the test set for each
session. Session number i indicates that i-1 history con-
versation sessions happened before the current session.

Session Train Vaild Test
Number |#Dialog #Utts #Dialog #Utts | #Dialog #Utts
Session 1 | 8,939 131,438 | 1,000 7,801 | 1,015 6,634
Session 2 [ 4,000 46,420 | 500 5,897 | 501 5,939
Session 3 [ 4,000 47,259 | 500 5,890 | 501 5,924
Session 4 | 1,001 11,870 | 500 5,904 | 501 5,940
Session 5 | - - 500 5,964 | 501

proaches to compare the performance of our model.
Pre-trained-based approaches:

* BlenderBot (Roller et al., 2021): BlenderBot
is an advanced open-domain dialogue model
developed through large-scale pre-trained on
large-scale datasets with a retrieval-refinement
mechanism and optimized decoding strate-
gies.

HAHT (Zhang et al., 2022): It is a model that
employs hierarchical encoding and attention
mechanisms to maintain and utilize long-term
historical dialogue memory, generating con-
textually relevant responses through a history-
aware response generator.

LLM-based approaches:

* Vanilla LLM: We directly employ the LLM
as the chatbot where we concatenate dialogue
history and personality information as prompt.
We utilize ChatGLM-6B (GLM et al., 2024)
and Llama2-7B-Chat(Touvron et al., 2023) as
vanilla LLMs.

ChatGPT: ChatGPT is a closed-source large
language model based on the GPT architec-
ture, and we utilize the API services of Ope-
nAl’s ‘gpt-3.5-turbo‘ model.

CPD (Fan et al., 2024): CPD is a causal per-
ception multi-turn dialogue framework that
employs a perturbation-based causal variable
discovery method to extract statements with
high causal relevance from historical dia-
logues, thereby enhancing the causal percep-
tion capabilities of LLMs.

StreamingDialogue (Li et al., 2024b): Itis a
model that effectively handles long-context di-
alogues by compressing dialogue history into



“conversation attention sinks” and employing
short-term memory reconstruction (SMR) and
long-term memory activation (LMR) learning
strategies.

e LD-Agent (Li et al., 2024a): LD-Agent is a
dialogue agent framework that supports coher-
ent dialogue by integrating event memory and
personalized role modeling. It is the previous
state-of-the-art method on MSC dataset.

D.3 Metrics

Following previous works (Li et al., 2024b,a; Wang
et al., 2024b), we conduct automatic evaluation
metrics and human evaluation metrics to measure
the effectiveness of our method. For automatic
evaluation metrics, we adopt BLEU-1, BLEU-2,
BLEU-3 (Papineni et al., 2002) and ROUGE-L
(Lin and Och, 2004) to measure word overlaps
between the golden response and the generated
response. We also use BERTScore(Zhang et al.,
2020) and G-Eval(Liu et al., 2023c) to evaluate
the semantic similarity and consistency between
the golden response and generated response. For
human evaluation metrics, following (Lee et al.,
2023a; Zhang et al., 2022), we recruit 6 profes-
sional annotators to label the generated results.
They are all experts in the fields of computer sci-
ence or artificial intelligence, familiar with the task
of multi-session personalized dialogue generation,
and are under the age of 35. They score 12 ran-
domly selected samples from each session, totaling
60 samples on fluency, consistency, sensibleness,
and engagingness. Fluency measures whether the
generated response is fluent and human-like. Con-
sistency measures whether the generated response
is consistent with dialogue history and personality
information. Sensibleness measures whether the
generated response makes sense. Engagingness
measures whether the user is engaged and would
want to continue the dialogue. All human evalua-
tion scores range from O to 5.

D.4 Model Settings

In this work, we utilize ChatGLM-6B (GLM et al.,
2024) and Llama2-7B-Chat (Touvron et al., 2023)
as the backbone. The maximum input length is
set to 2048. For graph neural networks, we set
the number of layers to 2 and the hidden layer
channels to 2048. For model training, we use the
Adam-ax optimizer (Kingma and Ba, 2017) with
a learning rate of 5e-5, batch size of 32, dropout

System prompt
As a communication expert with outstanding communication habits,

you embody the role of CHATBOT throughout the following dialogues.
Here are some of your distinctive personal traits: .

User prompt

<CONTEXT>
Drawing from your recent conversation with USER:

Now, please role-play as CHATBOT to continue the dialogue between
CHATBOT and USER.
USER just said:
Please respond to USER's statement using the following format
(maximum 50 words, must be in English):

@ONSE: J
Figure 4: Prompt in both the main experiments and the
ablation studies.

ratio of 0.1, o of 0.5, 5 of 0.5 and y of 1. All the
fine-tuned models are trained with a maximum of
two 48GB GPUs(NVIDIA A6000). In the training
process, we first train the topic detector, followed
by training the VAE-LoRA, and finally, we train the
persona prompt learning. In the experiments, for
the HAHT, CPD, and StreamingDialogue methods
with unpublished source code, we use the results
reported in the original papers. We obtained the re-
sults of BlenderBot fine-tuned on the MSC dataset
from the HAHT paper. For LD-Agent, we utilize
the publicly available code for reproduction. The
HAHT paper does not provide experimental results
on all sessions. We calculate the average of the
results from each session as a reference. The CPD
paper does not provide experimental results on dif-
ferent sessions. Therefore, we do not report its
results on different sessions in our paper.

D.5 Prompt used in experiments

In all our experiments, we employed a total of
three types of prompts. As illustrated in Figure 4
which displays the prompt provided to the LLM in
both the main experiments and the ablation stud-
ies. [CHATBOTPERSONA] can be replaced by the
vector output from persona prompt learning, [CON-
TEXT] is derived from the topic-aware memory
bank, and [QUERY] represents the current query.

In the experiment of validating the effectiveness
of Query-driven GNN, we employs query-related
LLM prompts for commonsense reasoning on the
graph driven by the queries, as illustrated in the
Figure 5.

Finally, In the evaluation using G-Eval, Figure 6
illustrates the prompts inputted into the LLLM for
assessment.
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Gstem prompt

You are an expert with personality perception abilities. You can filter
out personality triples related to the current user's query from the
candidate personality triples, which are {}. The user's current query is {}.
Please output the triples relevant to the query (note that the triples
you output must be from the candidate triples):

User prompt
The user's current query is {}. Please output the triples relevant to the
query (note that the triples you output must be from the candidate

triples)
Qtputs:

Figure 5: Query-related LLM prompts for common-

sense reasoning.

/ System prompt

/" You are an expert in evaluating text generation and specialize in assessing systems from various perspectives.
You will be provided with a dialogue history, the personality information of both participants, the user's current
query, and the corresponding response. Your task is to evaluate the response in terms of consistency with
personality information, consistency with the dialogue history, and other relevant dimensions. Finally, you will
provide an overall score.

User prompt

You will be given a conversation between two individuals. You will then be given one potential response for the
next turn in the conversation. The response concerns an interesting fact, which will be provided as well.

Your task is to rate the responses on one metric.

Please make sure you read and understand these instructions carefully. Please keep this document open while
reviewing, and refer to it as needed.

Evaluation Crieteria:

Consistency (1-5) Is the response consistent with personas and dialogue history?

- Ascore of 1 (Completely Inconsistent) means that the response s entirely unrelated to the context, diverging
from the ion topic and it isaligned with the character's profile, with no sense of
adherence

- Ascore of 2 (Clearly Inconsistent) means the response has low relevance, with logical conflicts or difficulty
maintaining coherence and it significantly deviates from the character's profile, with mismatched tone and
content.

- Ascore of 3 (Partially Consistent) means the response is limited relevance to the context, with some logical
gaps or deviations and it partially aligns with the character, but there are noticeable inconsistencies in tone or
behavior.

- Ascore of 4 (Mostly Consistent) means the response is generally relevant to the context, with slight deviations
that do not affect understanding and it overall matches the character profile, with minor mismatches in tone or
phrasing.

- Asscore of 5 (Fully Consistent) means the response seamlessly connects with the context, with no logical
contradictions and it fully aligns with the ished tone, ity, and scope.

Evaluation Steps:
1. Read the conversation, the corresponding fact and the response carefully.
2. Rate the response on a scale of 1-5 for Consistency, according to the criteria above.
3. Provide a brief explanation for your rating, referring to specific aspects of the response and the conversation.
Example:
C fon History:{}, Cor
| Evaluation Form (scores ONLY):

:{}, Current Query:{}, Response:{}

\\ Eﬁﬁsistencv: ) /

Figure 6: G-Eval prompt.

E Ablation Study on different sessions

We conducted ablation experiments across differ-
ent sessions on the MSC dataset. The experimental
results using ChatGLM and Llama?2 are shown in
Table 8. We found that (1) regardless of the scale of
the dialogue history, each module in our framework
has a positive impact on different backbones across
various sessions. (2) The topic-aware memory bank
significantly enhances the model’s ability to han-
dle long textual history and is a dominant factor
in the performance variations of the model across
different history scales. The ablation experiments
indicate that, with the addition of the topic-aware
memory bank, the model’s performance improves
with the increase in dialogue history size within
a certain range; however, beyond this range, the
model’s performance declines.

Table 7: Statistics of DuLeMon

Category SELF  BOTH
# Dialogues 24500 3001
# Utterances 400472 48522
Avg. # turns 16.3 16.2
Avg. length of utterances 19.7 21.2
Avg. # bot persona 4.0 4.0
Avg. # user persona (seen) 0 4.4
Avg. # user persona (unseen) 4.0 1.3

F Experiments on Dul.eMon

To demonstrate the generalizability of our method,
we select an additional dataset, DuLeMon (Xu
et al., 2022), for experimentation. DuL.eMon is
a large-scale dataset for the multi-session person-
alized dialogue task in Chinese. There are two
versions of DuLL.eMon: Self and Both, where the
persona information comes from only the self side
(user side) or both side (both user and chatbot
side). Its data statistics are presented in the Ta-
ble 7. To further demonstrate the effectiveness of
our method, we select several strong baselines for
comparison with our approach:(1) vanilla LLM: we
directly employ the LLM as the chatbot the same as
section D.2, we utilize ChatGLM-6B (GLM et al.,
2024), Llama2-7B-Chat(Touvron et al., 2023) and
Llama2-Chinese* as vanilla LLMs. (2) PLATO-FT:
The PLATO-2 (Bao et al., 2021) model fine-tuned
on our proposed DulL.eMon dataset.(3) UniMS-
RAG(Wang et al.,, 2024a): UniMS-RAG is a
retrieval-augmented generation framework that in-
tegrates multiple knowledge sources for personal-
ized dialogue.

From the table 9, we can observe that our method
outperforms nearly all baselines on Dul.eMon,
including the currently leading models PLATO-
FT and UniMS-RAG on the DuL.eMon dataset.
Llama2-Chinese outperforms Llama2 because it
utilizes large-scale Chinese data, which enhances
the Chinese capabilities of the Llama2 model from
the pre-training phase.

*https://github.com/LlamaFamily/Llama-Chinese
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Table 8: Ablation experiments using ChatGLM and Llama2 as the backbone models on the MSC dataset. TMB
stands for Topic-Aware Memory Bank, PPL refers to Persona Prompt Learning. B-1, B-2, B-3, R-L denote BLEU-1,
BLEU-2. BLEU-3 and ROUGE-L respectively. The best results for each backbone model are in bold.

M ‘ Session2 ‘ Session3 ‘ Session4 ‘ Session5
odel

|B-1 B-2 B3 R-L |B-1 B2 B-3 RL |[B-1 B2 B3 R-L |B-1 B-2 B-3 RL
ChatGLM (Base) 19.29 544 1.49 16.76]19.21 5.18 1.55 15.51|19.16 5.74 1.52 16.68|19.02 5.92 1.45 16.63
ChatGLM w/ TMB 19.41 7.43 2.38 19.23]19.54 7.57 2.48 19.63|19.62 7.59 2.49 19.71/19.32 7.24 2.21 19.01
ChatGLM w/ PPL 19.47 7.56 2.64 19.94|19.48 7.59 2.54 19.77(19.35 7.43 2.42 19.47[19.41 7.42 2.35 19.20
ChatGLM w/ VAE-LoRA 19.86 7.67 2.56 20.06(19.92 7.76 2.58 19.90|19.99 7.93 2.64 20.03|19.78 7.53 2.40 19.28
ChatGLM w/ TMB & PPL 19.88 7.63 2.49 20.13(20.04 7.78 2.58 20.23|20.17 8.00 2.65 20.27|19.67 7.52 2.46 19.27
ChatGLM w/ TMB & VAE-LoRA|19.93 7.73 2.63 20.27|20.23 7.83 2.61 20.39(20.30 8.17 2.70 20.77|19.73 7.59 2.55 19.30
ChatGLM w/ PPL & VAE-LoRA |19.90 7.69 2.58 20.10[19.95 7.76 2.58 20.07|20.03 7.99 2.68 20.29|19.75 7.53 2.43 19.30
PALACE (ChatGLM) 20.10 7.91 2.68 20.2820.40 7.93 2.67 20.51|20.69 8.24 2.93 20.94|19.78 7.65 2.67 19.33
Llama2 (Base) 17.39 4.47 1.21 10.43|17.34 4.39 1.22 10.33|17.32 4.32 1.21 10.25|17.16 4.20 1.17 10.03
Llama2 w/ TMB 17.83 4.89 1.47 12.32|18.09 4.98 1.66 13.09(18.76 5.04 1.67 13.83|18.13 4.89 1.32 12.57
Llama2 w/ PPL 19.90 7.70 2.49 18.67(20.78 8.19 2.55 18.89|21.17 8.29 2.59 18.68|21.05 8.38 2.54 18.67
Llama2 w/ VAE-LoRA 19.96 7.93 2.58 18.80(20.47 8.05 2.59 18.89|21.19 8.48 2.64 18.94|20.95 8.43 2.58 18.44
Llama2 w/ TMB & PPL 20.10 8.00 2.59 18.88|20.83 8.21 2.63 19.13|21.26 8.57 2.65 19.20|21.10 8.47 2.60 18.72
Llama2 w/ TMB & VAE-LoRA |20.07 8.07 2.63 18.88|20.81 8.23 2.63 19.15|21.30 8.56 2.70 19.24|21.15 8.50 2.63 18.80
Llama2 w/ PPL & VAE-LoRA 19.99 7.96 2.59 18.83/20.53 8.09 2.58 19.07(21.23 8.53 2.62 18.99(21.03 8.44 2.58 18.53
PALACE (Llama?2) 20.95 8.13 2.66 18.96(20.87 8.29 2.70 19.22|21.45 8.64 2.77 19.32(21.29 8.54 2.66 18.83

G Analysis on VAE-LoRA

We creatively combined VAE and LoRA within
our framework to propose VAE-LoRA, providing
effective prior knowledge necessary for dialogue
generation in LLMs. To demonstrate the effective-
ness of this module, we first used ChatGLM and
Llama?2 as backbones to compare the performance
of VAE-LoRA with the original LoRA across dif-
ferent sessions in MSC.

The results from Figures 7 and 8 demonstrate
that, regardless of whether ChatGLM or Llama2
is used as the backbone, VAE-LoRA consistently
has a positive impact on performance across all
sessions in the MSC dataset and outperforms the
original LoRA. This indicates that our proposed
VAE-LoRA effectively provides useful prior knowl-
edge to the LLM compared to the original LoRA.

To further investigate and analyze the specific
types of prior knowledge that VAE-LoRA extracts,
We randomly select thousands of dialogues from
the dataset and perform t-SNE visualization of the
original representations of the queries extracted
by the LLM, as well as the query representations
extracted by VAE-LoRA, as shown in Figure 9.

From the figure, it is evident that the query rep-
resentations extracted by the LLM are uniformly
distributed across an approximately circular plane,
whereas the query representations extracted by
VAE-LoRA exhibit distinct clustering centers, re-
sulting in a clustered distribution. This indicates
that VAE-LoRA can aggregate the queries to some
extent based on the personalized implicit informa-

Table 9: Automatic evaluation results of different mod-
els on DuLeMon dataset. B-1, B-2, R-L, BS denote
BLEU-1, BLEU-2, ROUGE-L and BERTScore respec-
tively. The best results are in bold and the second-best
results are in underlined.

Model B-1 B-2 R-L BS

ChatGLM(Base) 13.34 449 1491 62.08
Llama2(Base) 1199 424 1255 61.78
Llama2-Chinese 1423 453 14.83 62.61
ChatGPT 1473 496 16.67 63.07
PLATO-FT 19.40 8.10 - -

UniMS-RAG 18.95 - 20.87 -

PALACE(ChatGLM) 19.48 8.66 22.00 64.71
PALACE(Llama2) 19.21 8.21 20.59 62.80
PALACE(Llama2-Chinese) 19.93 8.89 21.71 64.81

tion presented within them. Such representations
not only establish connections between different
queries to enhance the LLM’s understanding of var-
ious dialogue contexts, but also allow for the extrac-
tion of diverse personalized information from dif-
ferent clusters, thereby improving the LLM’s sensi-
tivity to personalization and ultimately enhancing
its performance in multi-session personalized gen-
eration.
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(c) The performance on Session 4 of the MSC. (d) The performance on Session 5 of the MSC.

Figure 7: The performance of various LoRA fine-tuning methods on different sessions of MSC, utilizing ChatGLM
as the backbone. B-1, B-2, R-L denote BLEU-1, BLEU-2 and ROUGE-L respectively
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Figure 8: The performance of various LoRA fine-tuning methods on different sessions of MSC, utilizing Llama?2 as
the backbone. B-1, B-2, R-L denote BLEU-1, BLEU-2 and ROUGE-L respectively.
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Figure 9: T-SNE visualization of query representations.

H Analysis on dialogue structure

To demonstrate the effectiveness of the Topic Mem-
ory Bank within the framework, we partition the
MSC dataset based on the number of dialogue turns
and evaluate the results using only DPR as well as
those using the Topic Memory Bank. In this ex-
periment, we define a turn as a pair consisting of
a query and a response. Due to the insufficient
dialogue history in conversations with fewer than
8 turns and the lack of data in conversations with
more than 32 turns, these results are not statisti-
cally significant; therefore, we have excluded them
from the figure. From Figure 10, we can observe
that: (1) Across BLEU-1, BLEU-2, BLEU-3, and
ROUGE-L metrics, Topic Memory Bank consis-
tently improves the model’s performance in dia-
logue generation, regardless of the number of dia-
logue turns. (2) As the number of dialogue turns
increases, the model’s performance shows a de-
creasing trend. This decline may be attributed to
the continuous increase in dialogue history, which
can result in diminished retrieval performance or an
overload of relevant history, making it difficult to
retrieve all dialogue details, ultimately affecting the
model’s dialogue generation capabilities. (3) The
addition of the Topic Memory Bank still shows a
significant gap compared to PALACE, which is at-
tributable to the critical roles played by VAE-LoRA
and personalized prompt learning in enhancing dia-
logue generation.

Table 10: Automatic evaluation results of different hid-
den states on the MSC dataset. B-1, B-2, R-L denote
BLEU-1, BLEU-2 and ROUGE-L respectively. The
best results are in bold and the second-best results are
in underlined.

Hidden State B-1 B-2 B-3 R-L

1024 20.07 7.85 248 20.64
2048 20.17 792 273 2027
4096 19.55 772 2.53 20.24

I Evaluation of different hidden states in
the GNN

We designed additional experiments to illustrate
why we set the hidden state of the GNN to 2048 in
our experimental setup. We present the evaluation
results using different hidden states on the MSC
dataset with ChatGLM as the backbone in Table 10.
The figure indicates that when the hidden state is
set to 2048, BLEU-1, BLEU-2 and BLEU-3 are
significantly superior to those of other hidden states.
From the table, it is evident that although ROUGE-
L is not optimal when the hidden state is set to
2048, BLEU-1, BLEU-2 and BLEU-3 significantly
outperform those of other hidden states.
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(d) ROUGE-L evaluation results.

Figure 10: Performance results of the Topic Memory Bank and only DPR across different dialogue turn counts in

the MSC dataset.

J Performance validation of
Query-driven GNN

We conduct experiments using ChatGLM and
Llama?2 as backbones to further demonstrate the
effectiveness of Query-driven GNN. We use the
vanilla LLM, the RGCN-based commonsense rea-
soning approach, and the query-related prompt-
based reasoning method as baselines. For query-
related prompt-based reasoning method, we pro-
vide the LLM with the instruction, the graph, and
the current query, prompting it to output nodes
or subgraphs related to the query. The complete
prompt can be found in D.5. The results are shown
in the table below.

Table 11: Performance validation of Query-driven GNN
on MSC dataset. B-1, B-2, B-3, R-L and BS denote
the average BLEU-1, BLEU-2 BLEU-3, ROUGE-L and
Bertscore scores across all sessions on the MSC, respec-
tively. The best results for each backbone model are in
bold.

Model \B-l B-2 B-3 R-L BS

ChatGLM(Base) 19.20 5.54 1.50 16.49 48.60
w/ Query-related prompt|19.34 5.93 1.71 17.84 50.29
w/ RGCN 19.37 7.48 2.50 19.34 51.82
w/ Query-driven GNN  19.44 7.51 2.52 19.67 52.17

Model B-1 B-2 B-3 R-L BS

Llama2(Base) 17.34 4.37 1.21 10.29 45.25
w/ Query-related prompt|18.01 5.11 1.48 12.15 46.91
w/ RGCN 20.18 7.94 2.51 18.70 53.77
w/ Query-driven GNN  |20.56 8.05 2.53 18.72 53.83
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