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Abstract

Shared memories between two individuals
strengthen their bond and are crucial for facili-
tating their ongoing conversations. This study
aims to make long-term dialogue more engag-
ing by leveraging these shared memories. To
this end, we introduce a new long-term dia-
logue dataset named SHARE, constructed from
movie scripts, which are a rich source of shared
memories among various relationships. Our
dialogue dataset contains the summaries of per-
sona information and events of two individu-
als, as explicitly revealed in their conversation,
along with implicitly extractable shared mem-
ories. We also introduce EPISODE, a long-
term dialogue framework based on SHARE that
utilizes shared experiences between individu-
als. Through experiments using SHARE, we
demonstrate that shared memories between two
individuals make long-term dialogues more en-
gaging and sustainable, and that EPISODE ef-
fectively manages shared memories during di-
alogue. Our dataset and code are available at
https://github.com/eTkim/SHARE.

1 Introduction

There is nothing that can equal the trea-
sure of so many shared memories.

— Antoine de Saint-Exupéry

Memory in dialogue plays a crucial role in build-
ing relationships and rapport between individuals,
and facilitating the ongoing conversation (Alea and
Bluck, 2003; Nelson, 2003). Recent studies (Xu
et al., 2022a) have proposed methods that aim
for more engaging long-term dialogue by utiliz-
ing such memories. In particular, these methods
involve summarizing and storing information about
a persona (Xu et al., 2022b; Kwon et al., 2023; Kim
et al., 2024) or personal events (Bae et al., 2022;
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Figure 1: Conversations between close individuals often
revolve around their shared memories. Leveraging these
memories to generate responses can better reflect their
relationship and make the dialogue more engaging.

Wang et al., 2023) from the dialogue history as a
memory, and incorporating this information into
the response generation.

However, such methods focus only on the uti-
lization of persona information (e.g, I'm a fan of
K-Pop.) or short-term events (e.g., doctor’s ap-
pointment) for long-term dialogue. Although these
approaches are effective in conversations between
individuals getting to know each other or in every-
day chit-chat, it fails to fully address conversations
between individuals with a wealth of shared mem-
ories, akin to old friends. For example, in real-
world interactions between close friends who know
each other well, conversations often revolve around
shared memories, as shown in Figure 1. This type
of conversation is a very valuable for making long-
term dialogue more engaging; however, there is a
lack of research addressing it.
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In this study, we introduce a new open-domain
long-term dialogue dataset, SHARE, which in-
cludes not only personas and personal event in-
formation but also information about memories
shared between two speakers. Collecting dialogue
data that contain shared memory information poses
the following challenges: First, as in previous stud-
ies (Xu et al., 2022b; Kwon et al., 2023), crowd-
sourced dialogue collection requires manually cre-
ating situations for crowd-workers to role-play,
leading to high costs. Second, as in previous stud-
ies (Jang et al., 2023; Maharana et al., 2024), at-
tempts to extract events using large language mod-
els (LLMs) are primarily designed to summarize
explicitly stated events within dialogues. Conse-
quently, they often overlook implicitly inferred
events that can be captured from the conversation
context. To address these challenges, we compile
long-term dialogue data from movie scripts. Movie
scripts use dialogue to depict characters, their rela-
tionships, and explicit events, as well as to convey
shared memories that are not directly revealed in
scenes (Kozloff, 2000). Thus, movie scripts server
as a valuable source for collecting dialogue data
that reflects shared memories between two individ-
uals. Initially, we use a movie script parser (Baruah
and Narayanan, 2023) to format the movie scripts
into dialogues. Subsequently, we utilize an LLM
with a carefully designed prompt to summarize
information about each speaker’s profile and short-
term events, as well as to extract shared memories
that are implicitly conveyed within the dialogues.
We then map this information to the corresponding
utterances for further annotation.

Furthermore, based on the new dataset SHARE,
we present a long-term dialogue framework called
EPISODE. This framework summarizes and man-
ages persona information, personal events, and
shared memories between speakers from previous
dialogue sessions, and then applies this information
in long-term dialogue. To verify the effectiveness
of using shared memories between two individuals
in long-term dialogues, we conduct extensive ex-
periments and analyses on the new dialogue dataset
SHARE with our dialogue framework EPISODE.
Experimental results show that the shared memo-
ries included in our dataset are effective for long-
term dialogues in terms of coherence, engaging-
ness, and reflectiveness of their relationship.

The contributions of this work are as follows:

* We introduce a new long-term dialogue

dataset, named SHARE, constructed from
movie scripts. The new dataset includes not
only persona information and personal events
for each speaker but also shared memories
between speakers.

We present a long-term dialogue framework,
EPISODE, which summarizes persona in-
formation and personal events and extracts
shared memories from dialogues. Then, the
framework incorporates them into response
generation for long-term dialogue.

* We conduct extensive experiments to verify
the effectiveness of leveraging shared mem-
ories between two speakers, focusing on co-
herence, engagement, and reflection of their
relationship in long-term dialogue.

2 Related Work

2.1 Long-term Dialogue Dataset

Some long-term dialogue datasets have recently
been proposed to facilitate long-term dialogue by
incorporating longer context. MSC (Xu et al.,
2022a) is the first persona-aware multi-session
dialogue dataset, containing conversations be-
tween crowd-workers with hand-crafted persona
information. GapChat (Zhang et al., 2023) in-
cludes the time intervals between sessions in
the dataset, allowing the model to perceive time
when conducting conversations. CONVERSA-
TION CHRONICLES (Jang et al., 2023) is a
machine-generated dataset that features relation-
ships among speakers in the context of long-term
dialogues. LoCoMo (Maharana et al., 2024) is a
multi-modal long-term dialogue dataset created by
using GPT-3.5-turbo, including visual images.

These datasets primarily focus on long-term di-
alogues based on relatively short-term events or
static personas which are explicitly revealed in the
dialogue. In contrast, our dataset, SHARE, addi-
tionally considers the longstanding and invaluable
shared memories and experiences between speak-
ers to foster their ongoing conversations.

2.2 Long-term Dialogue Method

Effective management of dialogue memory is cru-
cial for long-term conversations since the dialogue
model cannot remember all the conversation his-
tory with the user. One approach to efficient man-
agement is to develop a mechanism for updating

14475



Dataset | Persona Personal Event Mutual Event Shared Memory Speakers Language
MSC (Xu et al., 2022a) v/ v X X P-P EN
LoCoMo (Maharana et al., 2024) v v X X B-B EN
DuLeMon (Xu et al., 2022b) v X X X P-P CH
PerLTQA (Du et al., 2024) v v v X B-B EN,CH
RealPersona-Chat (Yamashita et al., 2023) v v X X P-P JP
SODA (Kim et al., 2022) v v v X B-B EN
Dolphin (Chen et al., 2024) X v v X B-B CH
CONVERSATION CHRONICLES (Jang et al., 2023) X v v X B-B EN
MSPD (Kwon et al., 2023) v v X X P-P KO
GapChat (Zhang et al., 2023) X v X X P-P EN
SHARE (ours) | v v v v P-P EN

Table 1: Comparison of long-term dialogue datasets. P-P, P-B, and B-B indicate the types of interactions between

person-person, person-bot, and bot-bot, respectively.

memory (Bae et al., 2022) and managing mem-
ory by taking structured notes during the con-
versation (Lu et al., 2023). COMEDY (Chen
et al., 2024) generates dialogue by compressing
all sessions, instead of using a retriever. Memory-
Bank (Zhong et al., 2024) leverages the Ebbinghaus
Forgetting Curve (Ebbinghaus, 1964) to develop a
long-term memory mechanism, enabling LLMs to
retain memories similarly to humans.

3 Dataset Collection

In this section, we describe the new long-term di-
alogue dataset, SHARE. Table 1 summarizes the
comparison of existing long-term dialogue datasets
and our dataset. All details of the data collection
process are in the Appendix A.1.

Motivation. In movies, dialogue serves as the most
crucial mechanism for advancing the narrative. Di-
alogues describe the characters and their relation-
ships, as well as the unfolding events between them.
Notably, dialogue plays a pivotal role in conveying
information about events between characters that
are not explicitly shown in scenes (Kozloff, 2000).
Consequently, we regard film dialogue as an excel-
lent source for long-term dialogue data that reflects
not only the personal information of speakers and
the events between them but also shared memories
that are not explicitly revealed.

Data source. We have collected a total of 1201
movie scripts from IMSDB,! DailyScript,” and
Simply Scripts.® The collected scripts, encompass-
ing a variety of genres including romance, comedy,
and action, offer the advantage of presenting a di-
verse array of characters, relationships, and events.
Movie script preprocessing. Movie scripts
include dialogues between characters and non-
dialogue elements such as scene descriptions and

1https://imsdb.com/
2https://www.dailyscript.com/movie.html
3https://www.simplyscripts.com/

action directives. Therefore, we utilize a movie
script parser (Baruah and Narayanan, 2023) to
structure the collected scripts into dialogues.

In this paper, we focus on long-term dialogue
between two individuals rather than multi-party
interactions. To achieve this, each scene featuring
the two characters is treated as a single session. We
then organize sequences of these sessions into an
episode between the two characters. Only episodes
in which the characters engage in three or more
sessions are included in the dataset.

Information extraction. To construct a long-term
dialogue dataset, we extract the following informa-
tion from the collected dialogues using GPT-4%:

* Persona information captures essential charac-
teristics, including personality and interests.

* Personal event information covers transient de-
tails like current health conditions.

* Mutual event represents key events between two
individuals that can be explicitly inferred from
the current session, unfolding between them in
real-time during the conversation. Over time,
they evolve into shared memories.

» Shared memory refers to past events that two
individuals have previously shared before the
current session. We capture these events that can
be implicitly inferred from the dialogue.

Annotation. To understand which information
from the memory set is used to generate each utter-
ance, we conduct annotation for each one based
on the dialogue history. This process is essen-
tial for our dialogue framework to select appro-
priate information when generating subsequent dia-
logues. During the annotation process, we employ
GPT-3.5-turbo to label each utterance based on
the memory set information used to generate it.
For example, the utterance ‘We had so much fun

*https://platform.openai.com/docs/models
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Figure 2: An architecture of EPISODE. Our framework selects memories from the memory set based on the current
dialogue history to generate responses. When the session ends, it extracts the information that needs to be stored

and updates the existing memory set.

Dataset Statistics

# of episodes 3,216
# of sessions 17,679
General # of utterances 119,087
Avg. sessions per episode 5.50
Avg. utterances per sessions 6.74
# of persona info. 80,495
# of personal event 12,436
Annotation  # of mutual event 20,703
# of shared memory 4,206
% of episodes with shared memory 61.57

Table 2: The statistics of SHARE.

at last year’s festival, this year will be great too!’
is annotated with ‘(Shared memories) Speakerl
and Speaker2 enjoyed last year’s festival together’
from the memory set.

Finally, the statistics of the new dataset are sum-
marized in Table 2. We want to emphasize that
61.57% of episodes feature at least one shared
memory in their conversations. This shows the sig-
nificance of shared memory in maintaining mean-
ingful dialogues between individuals who have
known each other for a long time. Interestingly,
our dialogue dataset includes a diverse range of
conversational styles, not only from everyday con-
versations but also from various genres, including
fantasy. With dialogue models being increasingly
applied beyond everyday conversations, such as in
games (Akoury et al., 2023) and films (Chen et al.,
2023), our dataset is a key resource for improving

their adaptability across diverse dialogue styles.

4 Dialogue Framework

In this section, we describe the task of long-term
dialogue and our dialogue framework, EPISODE.
Figure 2 depicts the architecture of EPISODE.
EPISODE consists of a response generation pro-
cedure, including memory selection and response
generation, and a memory management procedure,
including information extraction and memory up-
date, conducted after the session ends. Detailed in-
formation on prompts and data collection for these
components is provided in Appendix A.2.

4.1 Task Definition

Let e, ) = s, s ...] be an episode of two
individuals « and v where each session s() =
[u1, vi,ug, vo,- -, uy,, vy] is a sequence of their
utterances u,v. The dialogue model f(-) gen-
erates a response v,, for the given context ¢ =
[ui,v1,- -, u,] and memory set M, , of the
individuals as follows: v;, = f(c, My ). In this
paper, the memory set consists of persona infor-
mation P,, P, and personal events &,, £, for each
individual, and shared memories S, ) between
them, as My ) = {Pu> Pv; Eu, Ev, S(uw) }- Note
that all types of memory used in our study are ex-
tracted from conversations between two individuals.
Therefore, we assume that both individuals have
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access to and can utilize these memories.

4.2 Response Generation

Memory selection. As long-term dialogue contin-
ues, the amount of persona information, personal
events, and shared memories between the two indi-
viduals gradually increases. Using this expanding
memory at each response generation stage is im-
practical. Therefore, we adopt a method that selects
relevant memories for response generation based
on the current context at each stage. This approach
allows us to utilize memories from earlier conver-
sations, supporting long-term dialogue. First, we
design a prompt for memory selection and con-
struct training data for the memory selection model.
To support dialogue situations that do not require
specific memories, such as casual chitchat, we add
‘Everyday Language’ to the candidate pool where
memories can be selected. The prompt instructs
the model to select ‘Everyday Language’ when
no suitable memory is available for the current con-
text. Then, using Llama-3-8B (Dubey et al., 2024),
we train a memory selector to identify useful mem-
ories m from the current memory set M, , for
response generation based on the given context c.

Response generation. We use Gemma (Team
et al., 2024) and Llama-3-8B (Dubey et al., 2024)
as the dialogue model f(-) to generate responses
v, appropriate to the given context ¢ by utiliz-
ing the memories m selected in the previous step:
Vv, = f(c,m). To enable the dialogue model to
incorporate the selected memories into response
generation, we design specific prompts and collect
training data based on these prompts to train the
LLM. From this, the dialogue model generates per-
sonalized and consistent dialogues by providing
responses that align with the memory while also
considering the conversation history.

4.3 Memory Management

When the current session ends, EPISODE manages
memory asynchronously. This approach prevents
any additional latency in response generation from
the user’s perspective.

Information extraction. At the end of each dia-
logue session, an information extraction process
is triggered to identify distinct and memorable de-
tails that may be useful for future interactions, fol-
lowing the approach used in the SHARE dataset.
The extracted information is then incorporated into
subsequent sessions. To minimize reliance on ex-
ternal APIs, we train Llama-3-8B on information

extraction data collected during the construction of
SHARE and utilize it as our information extractor.
Memory update. Storing all information gen-
erated in each session significantly increases the
memory size over time, raising computation costs
and making it difficult to select memory relevant to
the current context. Additionally, persona informa-
tion, personal events, and mutual events between
the two individuals are continuously updated or
newly added. Therefore, if the memory is not regu-
larly updated and refined, inappropriate memories
may be selected, leading to a decline in the quality
of future dialogues (Bae et al., 2022). To address
this, we continuously refine and manage memory
using the following strategies:

* Accumulate extracted information: When the
extracted information is independent of existing
memory, it is directly added to the memory. If
the information involves a mutual event, it is
stored as shared memory.

» Update logically sequential information: If the
extracted information is sequentially or causally
related to the existing memory, the memory is
updated to reflect this relationship.

e Update logically conflicting information:
When the extracted information conflicts with
or contradicts the existing memory, the mem-
ory is updated to reflect these changes, ensuring
alignment with the new information.

* Deduplicate information: If newly extracted in-
formation duplicates existing memory, the mem-
ory is not updated to maintain efficiency.

S Experiments

5.1 Experimental Setup

Backbone models. We employ state-of-the-art
generative models, Gemma (2B) (Team et al., 2024)
and Llama-3.1-Instruct (§8B) (Dubey et al., 2024),
as the backbone model of response generation.
Evaluation metrics. To assess the quality of
the generated responses for each session, we con-
duct an automatic evaluation using a comprehen-
sive set of metrics, including BLEU-3/4 (Pap-
ineni et al., 2002), ROUGE (ROUGE-1/2/L) (Lin,
2004), BERTscore (Zhang et al., 2019), Distinct-
1/2 (Dist) (Li et al., 2015) and PPL. These metrics
offer a thorough analysis of the model’s perfor-
mance and the diversity of the generated responses.
To verify that using shared memory makes long-
term dialogues more engaging, we further conduct
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Backbone | Method | BLEU-3/4% ROUGE-1/2t ROUGEL{  BertSim?t Dist-1/27 ppld
Gemma (zero-shot) 0.0120/0.0096  0.0999/0.0249 0.0957 0.8648 0.6702/0.8718  24.806
Gemma+SHARE w/o memory 0.0124/0.0089  0.0991/0.0262 0.0940 0.8589 0.6462/0.8619  6.7083
Gemma (2B) Gemma+SHARE w/ predicted individual memory | 0.0073/0.0059  0.0808/0.0159 0.0759 0.8526 0.6365/0.8498  4.1836
Gemma+SHARE w/ predicted memory 0.0134/0.0110  0.1129/0.0306 0.1060 0.8682 0.6605/0.8696  3.7487
| Gemma+SHARE w/ gold memory | 0.0230/0.0189  0.1468/0.0530 0.1377 0.8674 0.6636/0.8546  3.7911
LLaMA (zero-shot) 0.0122/0.0099  0.0997/0.0213 0.0923 0.8474 0.5458/0.8470  23.942
LLaMA+SHARE w/o memory 0.0168/0.0135  0.1146/0.0329 0.1085 0.8592 0.6372/0.8432  5.8660
LLaMA-3.1-Instruct (8B) | LLaMA+SHARE w/ predicted individual memory | 0.0145/0.0116  0.0988/0.0272 0.0927 0.7967 0.5620/0.7670  3.3393
LLaMA+SHARE w/ predicted memory 0.0267/0.0200  0.1392/0.0508 0.1290 0.8632 0.5676/0.8179  3.2409
| LLaMA+SHARE w/ gold memory | 0.0500/0.0377  0.2205/0.1000 0.2040 0.8806 0.6171/0.8389  3.1277
Table 3: Comparison of automated evaluation metric result across various systems
Session 4 Session 5 Session 6
Backbone ‘ Method ‘ Coh.  Eng.  Clo.  Ref. ‘ Coh.  Eng.  Clo.  Ref. ‘ Coh.  Eng.  Clo.  Ref.
| SHARE (wlo shared memory) | 1.8104 15812  1.2604 | 19188 1.5854 13167 | 19542 1.6958 1.2479
SHARE + ACCUMULATION | 17292 17458 1.2083 0.8125 | 1.9854 17711 13104 09625 | 2.0312 18250 13354 1.0729
Gemma (2B) SHARE + COMEDY 10246  1.1896  1.1667 09979 11521  1.0604 10854 11500  1.0479
SHARE + LLM-Rsum 15021 10813  0.9042 13979 11042 0.7521 16146 11792 0.9542
| SHARE + EPISODE | 20187 1.6646 12854 10542 | 21729 1.7708 13271 11812 | 2.0500 17042 13057 11375
| SHARE (wio shared memory) | 2.5000 22438  1.5979 | 25375 22875 1.7021 | 25979 23538 1.6771
SHARE + ACCUMULATION | 2.6125 22875 17354 10292 | 2.5833 22687 17167 12583 | 25958 2.3125 17271 1.3937
LLaMA-3.1-Instruct (8B) | SHARE + COMEDY 20104 12771 09854 20041 1.3000 09833 20625 12521 10042
SHARE + LLM-Rsum 25166 17646 1.2792 25709 17146 1.1583 2.6208 17063  1.2688
| SHARE + EPISODE | 26708 23313 1.6896 14458 | 2.5542 23750 17313 1.5833 | 2.6042 23625 17583 1.7604

Table 4: Experimental results of multi-session GPT-40 evaluation.

a GPT-4o assisted evaluation based on the follow-
ing criteria: Coherence (Coh.): measures the con-
sistency and logical connection of responses within
a session. Engagingness (Eng.): assesses the
speaker’s ability to maintain the annotator’s interest
for a long-term dialogue. Closeness (Clo.): deter-
mines how well the two participants know each
other, considering the depth of their familiarity and
understanding. Reflectiveness (Ref.): evaluates
how well the dialogue reflects the relationship indi-
cated in the memory set.

Implementation details. We partition the SHARE
dataset into an 8:1:1 ratio based on episodes, allo-
cating the splits for training, validation, and testing
in our long-term dialogue framework, EPISODE.
Further details on these experiments are provided
in Appendix A.6.

5.2 Experimental Results

Automatic evaluation. We evaluate the generated
responses for the final utterance of all sessions in
the test set. We compare the following three ver-
sions of dialogue generation trained on SHARE for
each backbone model.

* SHARE w/o memory is trained only with the di-
alogue from SHARE without using memories.

e SHARE w/ predicted memory is trained with both
the dialogue and annotated memories from
SHARE. During inference, it generates the re-
sponses based on the memory selection for
the given dialogue context.

* SHARE w/ predicted individual memory is a base-
line where each speacker independently man-
ages their memory for response generation.

* SHARE w/ gold memory uses the gold memory
to generate responses during inference.

Table 3 shows the comparison of automatic eval-
uation metric results. Training with the SHARE
dataset improves most performance metrics for gen-
erating the next response. In Llama-3, the BLEU-
3/4 and ROUGE scores for SHARE w/ predicted mem-
ory responses are higher than those for SHARE w/
zero-shot and SHARE w/o memory This reflects better
performance in dialogue generation for using the
SHARE dataset, especially shared memory. Also,
SHARE w/ predicted memory outperforms SHARE
w/ predicted individual memory, demonstrating that in-
corporating the interlocutor’s persona and personal
event information leads to more diverse and en-
riched conversations compared to their removal. In
summary, these results show that SHARE w/ pre-
dicted memory 1s a response generation model that
effectively incorporates shared memory.
Multi-Session Evaluation. As the number of ses-
sions increases, the update model efficiently or-
ganizes the memory M, ,). To assess the per-
formance of the updated model, we use a GPT-
based evaluation approach. The test set repre-
sents as €, ,) = [sM),s@ ... s)] including
more than six sessions, and a total of 96 episodes
are selected. Each session s(*) contains the utter-
ances of two individuals, » and v, structured as
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[u, vi,ug, ve, ..., ujg, vig]. The first two utter-
ances are provided, and the model generates the
following eight utterances, completing the session
with a total of 10 sentences. Before generating the
third session, the updated model integrates the in-
formation from the first and second sessions into
M (), Which is then used to generate the third
session. After the session concludes, the relevant
information is extracted. From the fourth session,
the model updates its memory with data from the
past two sessions to generate each new session,
continuing until the sixth.

SHARE+EPISODE refers to our update model,
which updates the memory throughout the sessions,
while SHARE+ACCUMULATE accumulates all in-
formation as sessions progress without any updates.
In the SHARE (w/o shared memory), S(,,) is €x-
cluded during memory selection. As a baseline, we
use the COMEDY (Chen et al., 2024) model and
LLM-Rsum(Wang et al., 2023). COMEDY analyzes
previous session data to extract key details, such as
significant events, user tendencies, and the nature
of user-bot interactions, and then compresses them
into a single memory. LLM-Rsum recursively sum-
marizes and updates stored information at the end
of each session. We evaluate the four metrics de-
scribed in Section 5.1 on a scale from O to 3 points.
More detailed information are in Appendix A.6.

Table 4 shows the evaluation of multi-session
dialogues generated by the fine-tuned model.
SHARE+EPISODE model consistently outper-
forms others in reflectiveness. Although the Llama-
3 shows lower scores in closeness in session 4,
its performance improves in subsequent sessions,
eventually surpassing the Accumulate model. This
highlights the model’s effective use of shared ex-
periences and clear depiction of the participants’
relationship across multiple sessions.

Compared to the baselines, Gemma achieves
higher metrics per session. Since LLM-Rsum recur-
sively summarizes and updates stored information,
evaluating the significance of individual memory
units becomes challenging, which in turn leads to
reduced Eng scores and lower Clo performance in
conversations. The above results highlight the suc-
cess of the EPISODE framework, which enhances
conversational capabilities and effectively extracts
both explicit and implicit information. Also, this
approach proves to be more effective than previous
approaches, which are primarily designed to sum-
marize mainly explicitly stated events in dialogues,
overlooking implicit experiences.

Method ‘ Con. Ref. Eng.
Gemma (2B)

SHARE (w/o shared memory) | 1.0708 2.3396 1.3000
SHARE + EPISODE 1.1021 2.3438 1.2896
Llama-3-Instruct (8B)

SHARE (w/o shared memory) | 2.0250 2.3129 1.6563
SHARE + EPISODE 2.0729 2.3604 1.7021

Table 5: Comparison of different methods with and
without shared memory based on GPT-40 evaluation.

We also perform human evaluations under the

same conditions, assessing key aspects such as co-
herence, reflectiveness, and engagingness of the
generated dialogues. Detailed results of these eval-
uations are provided in Appendix A.7.
EPISODE Evaluation. We evaluate the entire set
of sessions together, rather than a single session.
This is because, first, a good conversation should
maintain consistency in the relationship between
the two participants across all sessions. For exam-
ple, if two characters are close in one session but
suddenly become awkward in the next, it breaks the
coherence of the dialogue. Second, a true long-term
evaluation requires analyzing the dialogue from a
broader perspective. If only one session is eval-
uated, important elements like references to past
events that add interest could be missed. Thus, ana-
lyzing the entire conversation is necessary to accu-
rately assess its Consistency (Con.), Reflectiveness
(Ref.), and Engagingness (Eng.). Thus, we pro-
vide the full dialogue e, ) = s, s .. sO)]
and evaluate the overall conversation. In the test
set, 131 episodes with more than 5 sessions are
used for evaluation. Utterances are generated using
the same method as in the multi-session evalua-
tion. Notably, Consistency differs from coherence
in that it assesses whether the relationship between
the two speakers remains stable and unchanged
throughout the entire episode Detailed evaluation
prompts are provided in the Appendix A.6.

Table 5 presents the evaluation of the full con-
versation sessions (1-5 sessions) generated by our
EPISODE model. The results indicate that apply-
ing shared memory in each model leads to better
performance compared to when it is not used. In
Llama-3 and Gemma, SHARE+EPISODE achieves
higher scores in Reflectiveness and Consistency
compared to SHARE (w/o shared memory). This
result indicates that shared memory enhances the
model’s understanding of the relationship between
the two participants, leading to more consistent
dialogues. While the engagingness score for the
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Memory
Aa

Persona:

- Ais older than B and possibly in her
early twenties

- Ais somewhat unconventional or
rebellious compared to her siblings

- Afeels neglected by B

A feels underappreciated

"e

Persona:

- Bdoesn't have his driving license yet

- Bplans to get his driver's license in
the near future

- Bis the little brother in his family
dynamic

- Bis somewhat dismissive and
sarcastic

AN

Shared Memory :

- Band A made a bet about B getting
his driver's license, with the stakes
being marriage if he succeeds and
moving out if he fails

Dialogues

Without shared memory
Hi.

Jesus... what do you want? n

Oh, | don't know... maybe just to see if
you're still alive? You've been gone for
like three days.

Three days? That's nothing. You
could have at least called me. 1S

«
-~

Called you? Why would | call you?
You're not my girlfriend anymore.

ell, thanks for letting me
el So, how's it going with

you and your new girlfriend?

(.
-

Nothing's going on with her. I'm just
trying to get my driver's test so |
can drive myself to school.

Yeah, well, good luck with that.
It's not like you need me to
help you study or anything. |l

mean, I'm sure you're smart
enough to pass on your own
without my help.

Shared memory
Hi.

Jesus... what do you want? et

| just wanted to talk to you for a minute.
I'm sorry if | scared you.. | just thought it
would be nice to spend some time
together before | leave.

e really something else,
tyou? 8

J

What do you mean?

Well, first of all, you show up at
my house unannounced. Then
you tell me you've been

to hang out with you this
summer. It's kind of strange,

Yeah, | guess it is a little strange. | actually
came to ask you something. Do you
remember when we made that bet about
me getting my driver's licence? If | got it,
you'd have to move out. And if | failed, |
had to marry you? Well, | was wondering if
you were still willing to hold up your end of
the deal.

«

]

Figure 3: Examples of dialogues with and without shared memory. The first and second utterances are the same in
both dialogues, with the models generating responses from the third utterance onward. The conversation on the

right builds upon shared memory from previous sessions.

Gemma slightly decreases with shared memory,
this is likely due to the inherent performance differ-
ences between the models. The Llama-3 initially
performs better, and this advantage becomes more
pronounced with shared memory, further enhanc-
ing the overall quality of the conversation.

5.3 Case Study

We examine how shared memory influences in-
teractions between dialogue models. Figure 3
presents example dialogues generated by the pro-
posed EPISODE framework, comparing cases with
and without shared memory usage.

Without shared memory. In this dialogue, the
model generates responses that align with each
speaker’s persona. However, it relies solely on
persona information and does not incorporate any
specific shared events or experiences between the
speakers. Consequently, while the conversation
maintains coherence, it lacks depth and a strong
sense of connection, as it fails to reference unique
moments that define their relationship.

With shared memory. In this dialogue, the model
integrates shared experiences, exemplified by refer-
ences such as, "Do you remember when we made
that bet about me getting my driver’s license?" This
demonstrates the model effectively utilizes shared
memory, reinforcing past interactions between the

speakers. By incorporating shared experiences, the
conversation becomes more engaging and dynamic,
naturally revealing the relationship and emotions
between the participants. Moreover, the dialogue
conveys a sense of familiarity and warmth, enhanc-
ing the authenticity of their bond and providing a
more immersive user experience.

6 Conclusion

In this study, we introduce SHARE, a new long-
term dialogue dataset that includes shared expe-
riences between two participants. This dataset,
extracted from movie scripts, provides a critical
foundation for the development of long-term di-
alogue systems. We propose EPISODE frame-
work, a novel approach for long-term dialogue
systems, which promotes more natural conversa-
tions. We also utilize a novel evaluation method,
GPT-Eval, to extend beyond traditional metrics and
incorporate diverse evaluation criteria. By integrat-
ing shared memory into the dialogue system, we
demonstrate improvements in both reflectiveness
and consistency, which lead to richer and more
coherent interactions. By making the newly col-
lected SHARE dataset publicly available, we aim
to contribute to future research.
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Limitation

We create a dialogue dataset of two individuals with
shared memories based on movie scripts. Despite
the strong performance demonstrated by the mod-
els trained on SHARE, there are several limitations
to consider. First, since the dataset is constructed
from movie scripts, the model may generate dra-
matic dialogues that differ from typical chit-chat.
Second, the use of imperfect machine learning
models (e.g. GPT-4 and GPT-3.5-turbo) for in-
formation extraction and annotation may result in
inaccuracies in this information and annotations.
Third, using multiple GPT models during dataset
construction may introduce inconsistencies in the
extracted information. Initially, GPT-4 is used for
information extraction, but later processes, such as
memory updates and utterance mapping, employ
GPT-40 and GPT-3.5-turbo to reduce costs.

Ethical Consideration

This study construct a dialogue dataset from movie
scripts that cover various topics and character re-
lationships. As a result, the dataset may contain
offensive language or insults targeting specific gen-
ders, races, or social groups. Additionally, since
the dataset includes movies released over several
decades, it may reflect various discriminatory con-
tent from different eras. Therefore, when conduct-
ing research using this dataset, it is crucial to imple-
ment safeguards to prevent inappropriate responses
due to such content.

Acknowledgment

This work was partly supported by the Insti-
tute of Information & Communications Tech-
nology Planning & Evaluation(IITP)-ICT Cre-
ative Consilience Program grant funded by
the Korea government(MSIT)(IITP-2025-RS-2020-
11201819) and the National Research Foundation
of Korea (NRF) grant funded by the Korea govern-
ment (MSIT) (RS-2024-00350430). Finally, this
research was also supported by the Smilegate Al
Center.

References

Nader Akoury, Qian Yang, and Mohit Iyyer. 2023. A
framework for exploring player perceptions of llm-
generated dialogue in commercial video games. In
Findings of the Association for Computational Lin-
guistics: EMNLP 2023, pages 2295-2311.

Nicole Alea and Susan Bluck. 2003. Why are you
telling me that? a conceptual model of the so-
cial function of autobiographical memory. Memory,
11(2):165-178.

Sanghwan Bae, Donghyun Kwak, Soyoung Kang,
Min Young Lee, Sungdong Kim, Yuin Jeong, Hyeri
Kim, Sang-Woo Lee, Woomyoung Park, and Nako
Sung. 2022. Keep me updated! memory manage-
ment in long-term conversations. In Findings of the
Association for Computational Linguistics: EMNLP
2022, pages 3769-3787.

Sabyasachee Baruah and Shrikanth Narayanan. 2023.
Character coreference resolution in movie screen-
plays. In Findings of the Association for Computa-
tional Linguistics: ACL 2023, pages 10300-10313.

Nuo Chen, Hongguang Li, Juhua Huang, Baoyuan
Wang, and Jia Li. 2024. Compress to impress: Un-
leashing the potential of compressive memory in
real-world long-term conversations. arXiv preprint
arXiv:2402.11975.

Nuo Chen, Yan Wang, Haiyun Jiang, Deng Cai, Yuhan
Li, Ziyang Chen, Longyue Wang, and Jia Li. 2023.
Large language models meet harry potter: A dataset
for aligning dialogue agents with characters. In Find-
ings of the Association for Computational Linguistics:
EMNLP 2023, pages 8506—8520.

Yiming Du, Hongru Wang, Zhengyi Zhao, Bin Liang,
Baojun Wang, Wanjun Zhong, Zezhong Wang, and
Kam-Fai Wong. 2024. Perltqa: A personal long-term
memory dataset for memory classification, retrieval,
and synthesis in question answering. arXiv preprint
arXiv:2402.16288.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,
Akhil Mathur, Alan Schelten, Amy Yang, Angela
Fan, et al. 2024. The llama 3 herd of models. arXiv
preprint arXiv:2407.21783.

H Ebbinghaus. 1964. Memory: A contribution to exper-
imental.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. 2021. Lora: Low-rank adap-
tation of large language models. arXiv preprint
arXiv:2106.09685.

Jihyoung Jang, Minseong Boo, and Hyounghun Kim.
2023. Conversation chronicles: Towards diverse tem-
poral and relational dynamics in multi-session con-
versations. In Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Processing,

pages 13584-13606.

Hana Kim, Kai Tzu-iunn Ong, Seoyeon Kim, Dongha
Lee, and Jinyoung Yeo. 2024. Commonsense-
augmented memory construction and management in
long-term conversations via context-aware persona
refinement. arXiv preprint arXiv:2401.14215.

14482



Hyunwoo Kim, Jack Hessel, Liwei Jiang, Peter West,
Ximing Lu, Youngjae Yu, Pei Zhou, Ronan Le
Bras, Malihe Alikhani, Gunhee Kim, et al. 2022.
Soda: Million-scale dialogue distillation with so-
cial commonsense contextualization. arXiv preprint
arXiv:2212.10465.

Sarah Kozloff. 2000. Overhearing film dialogue. Univ
of California Press.

Deuksin Kwon, Sunwoo Lee, Ki Hyun Kim, Seojin
Lee, Taeyoon Kim, and Eric Davis. 2023. What,
when, and how to ground: Designing user persona-
aware conversational agents for engaging dialogue.
In Proceedings of the 61st Annual Meeting of the
Association for Computational Linguistics (Volume
5: Industry Track), pages 707-719.

Jiwei Li, Michel Galley, Chris Brockett, Jianfeng Gao,
and Bill Dolan. 2015. A diversity-promoting objec-
tive function for neural conversation models. arXiv
preprint arXiv:1510.03055.

Chin-Yew Lin. 2004. Rouge: A package for automatic
evaluation of summaries. In Text summarization
branches out, pages 74-81.

Yang Liu, Dan Iter, Yichong Xu, Shuohang Wang,
Ruochen Xu, and Chenguang Zhu. 2023. G-eval:
Nlg evaluation using gpt-4 with better human align-
ment. arXiv preprint arXiv:2303.16634.

Junru Lu, Siyu An, Mingbao Lin, Gabriele Pergola, Yu-
lan He, Di Yin, Xing Sun, and Yunsheng Wu. 2023.
Memochat: Tuning llms to use memos for consis-
tent long-range open-domain conversation. arXiv
preprint arXiv:2308.08239.

Adyasha Maharana, Dong-Ho Lee, Sergey Tulyakov,
Mohit Bansal, Francesco Barbieri, and Yuwei
Fang. 2024. Evaluating very long-term conver-
sational memory of llm agents. arXiv preprint
arXiv:2402.17753.

Katherine Nelson. 2003. Self and social functions: Indi-
vidual autobiographical memory and collective nar-
rative. Memory, 11(2):125-136.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a method for automatic evalu-
ation of machine translation. In Proceedings of the
40th annual meeting of the Association for Computa-
tional Linguistics, pages 311-318.

Gemma Team, Thomas Mesnard, Cassidy Hardin,
Robert Dadashi, Surya Bhupatiraju, Shreya Pathak,
Laurent Sifre, Morgane Riviere, Mihir Sanjay Kale,
Juliette Love, et al. 2024. Gemma: Open models
based on gemini research and technology. arXiv
preprint arXiv:2403.08295.

Qingyue Wang, Liang Ding, Yanan Cao, Zhiliang Tian,
Shi Wang, Dacheng Tao, and Li Guo. 2023. Re-
cursively summarizing enables long-term dialogue
memory in large language models. arXiv preprint
arXiv:2308.15022.

Jing Xu, Arthur Szlam, and Jason Weston. 2022a. Be-
yond goldfish memory: Long-term open-domain con-
versation. In Proceedings of the 60th Annual Meet-
ing of the Association for Computational Linguistics
(Volume 1: Long Papers), pages 5180-5197.

Xinchao Xu, Zhibin Gou, Wenquan Wu, Zheng-Yu Niu,
Hua Wu, Haifeng Wang, and Shihang Wang. 2022b.
Long time no see! open-domain conversation with
long-term persona memory. In Findings of the As-
sociation for Computational Linguistics: ACL 2022,
pages 2639-2650.

Sanae Yamashita, Koji Inoue, Ao Guo, Shota
Mochizuki, Tatsuya Kawahara, and Ryuichiro Hi-
gashinaka. 2023. Realpersonachat: A realistic per-
sona chat corpus with interlocutors’ own personal-
ities. In Proceedings of the 37th Pacific Asia Con-
ference on Language, Information and Computation,
pages 852-861.

Qiang Zhang, Jason Naradowsky, and Yusuke Miyao.
2023. Mind the gap between conversations for im-
proved long-term dialogue generation. arXiv preprint
arXiv:2310.15415.

Tianyi Zhang, Varsha Kishore, Felix Wu, Kilian Q
Weinberger, and Yoav Artzi. 2019. Bertscore: Eval-
uating text generation with bert. arXiv preprint
arXiv:1904.09675.

Wanjun Zhong, Lianghong Guo, Qiqi Gao, He Ye, and
Yanlin Wang. 2024. Memorybank: Enhancing large
language models with long-term memory. In Pro-
ceedings of the AAAI Conference on Artificial Intelli-
gence, volume 38, pages 19724-19731.

14483



A Appendix

A.1 Dataset Collection

We use GPT-4 to extract information from movie
scripts. The detailed prompt is provided in the Ta-
ble 10. Before annotation, we parse the Persona
sentences because they contained too much infor-
mation in a single sentence. The prompts for pars-
ing and annotation are provided in Table 11 and
Table 12. We use GPT-3.5-turbo for both parsing
and annotation. In this study, we divide the dataset
sessions into training(14,255), testing(1,685), and
validation(1,739) sets. The distribution of dataset
genres is shown in the Figure 5

A.2 Implementation and Training Details

Response Generator We train the Response Gen-
erator model using both the Llama and Gemma
models. We train the Gemma on 2 NVIDIA RTX
A5000 GPU devices, with a cosine scheduler, start-
ing with a learning rate of 1 x 107> and using
1000 warmup steps. The per-device batch size is
set to 2, and gradients are accumulated over 1 step.
The maximum output sequence length is 1024 to-
kens. The model is trained for 4 epochs. It takes 2
hours to train the model. We train the Llama on 2
NVIDIA RTX A6000 GPU devices, with a cosine
scheduler, starting with a learning rate of 1 x 107>
and using 1000 warmup steps. The per-device
batch size is set to 8, and gradients are accumu-
lated over 1 step. The maximum output sequence
length is 1024 tokens. The model is trained for 4
epochs. It takes 8 hours to train the model.

We employ Low-Rank Adaptation (LoRA)(Hu
et al., 2021), a computationally efficient tuning
method, for both the LLAMA and Gemma models.
LoRA reduces the trainable parameters by utiliz-
ing pairs of rank-decomposition matrices. In our
experiments, we set the rank to 16
Information extraction module We use the Llama
with 2 NVIDIA RTX A6000 GPUs and a batch size
of 4, with a training time of 8 hours. The maximum
output sequence length is 2048 tokens.

Memory selection module We use the Llama with
2 NVIDIA RTX A6000 GPUs and a batch size of 4,
with a training time of approximately 2 days. The
maximum output sequence length is 2048 tokens.

Memory update module We train the Llama on 2
NVIDIA RTX A6000 GPU devices, with a cosine
scheduler, starting with a learning rate of 1 x 107°
and using 1000 warmup steps. The per-device
batch size is set to 4 for both training and eval-

uation, and gradients are accumulated over 1 step.
The maximum length of the output sequence is
2048 tokens. It takes 5 hours to train the model.

A.3 Memory selection

In memory selection, the most appropriate mem-
ory must be chosen to ensure contextually relevant
dialogue. To select the appropriate memory, it is
necessary to consider all memories from previous
sessions and all utterances from the current conver-
sation. To prevent the model from being influenced
by the order of the memories, and to mitigate any
potential bias caused by sequence ordering, the
memories are shuffled before being processed. The
prompt used for memory selection is presented in
Table 13.

A.4 Information extraction

We conduct experiments to evaluate how similar
and consistent the model’s output is compared
to the actual ground truth. The experiments are
performed using the BLEU-3/4 (Papineni et al.,
2002), ROUGE (ROUGE-1/2/L) (Lin, 2004), and
BERTscore (Zhang et al., 2019) metrics, and the
model was compared against GPT-3.5-turbo. The
results are presented in Table 6. The prompt used
during training is very similar to the one used in
the information extraction part of Session 3. How-
ever, in the training prompt, the phrase “from the
movie {movie_name}. Use your knowledge of
the characters to enhance your analysis
where applicable.” is removed. The details of
the modified prompt can be found in Table 10.

Score GPT-3.5-turbo | Ours

BertSim 0.9059 0.9262
ROUGE-1 0.4681 0.5265
ROUGE-2 0.2332 0.3294
ROUGE-L 0.3428 0.4326
BLEU-1 0.2660 0.3053
BLEU-2 0.1643 0.2261
BLEU-3 0.1140 0.1811
BLEU-4 0.0788 0.1467

Table 6: Comparison of Information Extraction Scores
between GPT-3.5-turbo and Our Model

A.5 Memory Update

Storing all dialogue content over time can lead
to significant overhead. Retaining all memories
also complicates the process of selecting the most
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Method ‘ Coh  Eng Clo
EPISODE wio shared memory 2.276 2.283 2.325
EPISODE 2.282 2304 2.365

Table 7: Experimental results of human evaluation.

relevant memory for the conversation. Since in-
dividuals experience changes in their persona and
events throughout life, it is natural for certain mem-
ories to evolve. Consequently, dynamic memories
exist. To address this, we have developed a mem-
ory update strategy that ensures the selection of
appropriate memories during conversations, even
as those memories change over time. Detailed ex-
amples of the update process and corresponding
prompts are provided in Table 9, Table 16

A.6 Experiments

Evaluating the performance of open-domain con-
versations is critical for advancing natural lan-
guage understanding. While traditional metrics
remain important, recent methods have incorpo-
rated assessments utilizing models like GPT-4 to
enhance evaluation accuracy. One such method,
GPT Eval (Liu et al., 2023), leverages Chain of
Thought (CoT) reasoning to evaluate a model’s text
generation. This technique offers greater context
and structured guidance for large language models
(LLMs) when assessing generated text. For this
evaluation, we select multi-session dialogues from
the SHARE dataset, each consisting of more than
five sessions. From each session, two utterances are
extracted to create dialogues within an EPISODE.
The experiment is conducted five times for each
criterion, and the results are averaged to determine
the final outcome. The GPT Eval prompt used in
this process is provide in Table 17, Table 18, Table
19, Table 20, Table 21, Table 22, Table 23.

A.7 Human Evaluation

We conduct human evaluations through Amazon
Mechanical Turk(AMT) to highlight the differ-
ences between SHARE and SHARE (w/o shared
memory). We show the interface for the evalua-
tion in Figure 4. Using a random seed of 2025,
we randomly select 25 conversations from 96 test
sets, which are constructed using the EPISODE
Framework. We select annotators who are native
English speakers and have a HIT Approval Rate of
over 80% for all Requesters” HITs. Then, we ask
20 annotators to evaluate each conversation based

on the following criteria:

* Closeness : In this criterion, we ask annota-
tors to assess whether a response reflects the
speakers’ familiarity, shared history, or un-
derstanding, expressed through teasing, emo-
tional support, empathy, or references to past
events, even during conflicts.

Engagingness : we ask the annotators to

judge whether a response reveals emotional

depth, relational tension, or moments of per-
sonal significance, even in calm exchanges.

* Coherence : This criterion examines whether
each response naturally connects to the pre-
ceding statements, even as the conversation
evolves in different directions.

The evaluation takes place in the third session
to maintain consistency in the testing environment.
Table 7 provides a comparison between SHARE
and SHARE (w/o shared memory) conversations,
showing that SHARE achieves superior results over
SHARE (w/o shared memory). This demonstrates
that conversations with shared memory are more
engaging and result in more natural dialogue.
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Number | Label

1 | Accumulate

2 | Connect sequential/causal events
3 | Update conflicting events

4 | Deduplicate information

Table 8: Summary of memory update actions and corresponding labels

Previous memory | Current memory | Label
John and Alice are planning a trip together. | John and Alice have finalized the details of their trip. | 1
Tom recently got a new job. ‘ Tom successfully completed his first project at the new job. ‘ 2
Ellie did not enjoy her recent trip. | Ellie is looking forward to traveling again. | 3
Michael mentioned that he felt a lot of emotions on his wedding day. | Michael felt a lot of love from his family at the wedding. | 4

Table 9: Application of memory update actions from Table 8 in different context types
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Instruction description

You are a conversation analyst tasked with examining two conversations from the movie {moive_name}. Use your knowledge
of the characters to enhance your analysis where applicable.

In your analysis, categorize the dialogue based on five criteria:

1. Persona Information: Discuss aspects such as personality, job, age, education, favorite foods, music, hobbies, family life,
daily activities, health, etc.

2. Temporal information: Identify information that will soon become irrelevant, such as upcoming deadlines like "I need to
submit my assignment by Friday" or temporary states like "I have a cold."

3. Shared Memory: Focus on past experiences that the speakers refer to during their conversation, which they have previously
experienced together. This category includes both explicitly mentioned memories and those implied through their dialogue.
For example, the exchange *Alice: Wasn’t that jazz festival we went to last summer amazing?’ ’Bob: It was phenomenal,
especially the live band under the stars.” should be categorized here because it indicates that Alice and Bob shared the
experience of attending a jazz festival together.

4. Mutual Event: This category captures significant events and interactions occurring directly between speakerl and speaker2
during the current conversation, excluding any third-party involvement. Consider only those interactions that are substantial
and directly involve both speakers. For example, from the exchange "Alice: Aren’t these shoes pretty?", "Bob: Try them on.",
"Alice: How do they look? Do they suit me?", you can extract that "Alice and Bob are experiencing shopping together."

5. None: Assign this category to parts of the conversation that do not fit into the above categories.

Proceed to analyze the dialogue, addressing it one turn at a time:

{dialogues_text}

Your task is to extract:

- Persona information for {speaker1}

- Persona information for {speaker2}

- Temporal information for {speaker]}

- Temporal information for {speaker2}

- Shared memories between {speakerl} and {speaker2}

- Mutual events occurring during the conversation between {speakerl} and {speaker2}

Format your findings by separating each category with “***’. If no information is found for a category, indicate it with
‘None’. The expected format is:

[*xxPersona: {speaker1}’s information or ‘None’***Persona: {speaker2}’s information or
‘None’ **xTemporal: {speaker1}’s information or ‘None’*xxTemporal: {speaker2}’s information or
‘None’ **xShared Memory: information or ‘None’***Mutual Event: information or ‘None’**x%]

Limit the output to 300 tokens to ensure concise and focused responses.

For instance, the expected output should look like:

[***Persona: Alice majors in artificial intelligence and enjoys pizza.***Persona: Bob is fond of hamsters.***Temporal:
Alice has a medical check-up tomorrow.***Temporal: None***Shared Memory: Alice and Bob reminisce about attending a
concert together.***Mutual Event: Alice and Bob are shopping together.**%*]

Present your responses directly, using the speakers’ names without pronouns and avoiding category labels. For instance,
rather than stating "***Alice’s temporal information includes an upcoming math project due tomorrow.***", simply note
"#**Temporal: Alice has a math project due tomorrow.***"

Ensure that each analysis output is succinct, covering only the essential elements of the dialogue. Ensure you cover every
part of the dialogue comprehensively. If a specific category does not apply, move on to the next without mention. Your
detailed analysis will help illuminate the nuances of their interactions, capturing the essence of their shared and immediate
experiences within the current dialogue.

Table 10: Prompt used for information extraction

Instruction description

Please break down the following sentence into its core factual components without overly splitting the content.

{sentence}

For the output, list each cohesive factual unit with a number. Ensure the breakdown retains natural phrasing while omitting
any references to the significance, nature of the information, and discussions about the basis of any claims.

Replace uncertain terms like "appears" or "seems" with more definitive expressions such as "is" to ensure the sentences
convey clear and assertive information.

Make sure to write in complete sentences and preserve the natural flow of information, excluding any explanations or
justifications.

Table 11: Prompt used for parsing information
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Instruction description

Labeling Task: As a dialogue analyst, your task is to systematically classify each line of dialogue from the provided
conversation by linking it to detailed persona and context information. Evaluate each line of dialogue to determine which
attributes from the provided persona and context information align best with the content.

Dialogue Text:

{dialogues_text}

Persona and Context Information:

{attr_text}

Labeling Instructions:

For each line of dialogue, identify and assign the most appropriate persona or context information available.

Use "Everyday Language" only if the dialogue does not clearly fit any provided categories or pertains to routine conversation.
General Output Guidelines: Assign labels that closely match the dialogue to relevant persona traits or contextual details.
Strive to use each piece of information at least once to ensure comprehensive coverage of all provided attributes.

Example of Expected Output:

- Speaker1: "Do you know which artists are coming to the festival?"

«Labels: Everyday Language

- Speaker2: "Yes, BLACKPINK is coming to the festival! It’s going to be amazing. Plus, there are lots of food trucks coming,
including a skewer food truck which I'm happy about."

xLabels: Speaker2 knows BLACKPINK is coming to the festival (Speaker2’s persona), Speaker2 likes skewers (Speaker2’s
persona)

- Speakerl: "Wow, that’s awesome! We had so much fun at last year’s festival, this year will be great too!"

xLabels: Speakerl and Speaker2 enjoyed last year’s festival together (Shared memories)

- Speaker2: "Totally looking forward to it!"

«Labels: Speaker2 is looking forward to the festival (Speaker2’s temporal information)

Table 12: Prompt used for labeling task

Instruction description

You are a conversation analyst.

You need to understand the context well and predict the next part of the dialogue.

Based on the provided candidate memories and dialogue history, select all the appropriate memories for the next part of the
conversation.

These memories are elements that form the basis of the conversation.

If no suitable memories are available, choose *Everyday Language,” which refers to common, everyday expressions.

Task:
Candidate Memories:
{candidates }

Dialogue History:

{dialogues_text}

Select all the appropriate memories for the next part of the conversation by {next_speaker}.
If there are two or more memories, separate them with ‘###:

Table 13: Prompt used for memory selection

Instruction description

Task: Generate the next response in a dialogue by focusing on the contextual cues detailed within parentheses in the dialogue
history. Responses should be tailored according to the type of cue provided:

1. Memory-driven dialogues: If the cue within parentheses details specific character traits or background context, craft
responses that reflect these memory-driven elements, ensuring character consistency and rich context.

2. Everyday language dialogues: If the cue within parentheses is labeled "Everyday Language," generate responses that are
based on typical day-to-day interactions, free from specific personas or detailed context.

Dialogue History:
{dia_text}

Table 14: Prompt used for response generation with memory

Instruction description

Task: Generate the next response in the dialogue based on the provided history. The response should logically follow and
predict the next reply considering the context of the conversation.

Dialogue History:
{dia_text}

Table 15: Prompt used for response generation without memory
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Instruction description

You are a language expert who understands the flow of conversation and manages memory.

To effectively manage memory in a conversational system, it is crucial to understand the memory itself.

As the conversation progresses, compare the information from previous sessions with the current session to update the memory and remove unnecessary
sentences.

Memory is categorized into the following four types:

1. Persona information: This captures essential characteristics, including personality, occupation, and interests.

2. Personal event: This information covers transient details like impending deadlines or current health conditions.

3. Mutual event: This captures significant interactions between the speakers, focusing on substantial events directly involving both individuals. Over time, these
mutual events become new shared memories.

4. Shared memory: This refers to past experiences or memories that the two speakers have shared together prior to the current conversational context.
Guidelines for Memory Management:

Tasks to Perform in the Current Session:

1. Remove incomplete information: Remove sentences that are incomplete or do not clearly convey the context.

Example: "SAM is interested in something." or "SAM mentions a place he visited."

2. Remove information not suitable for conversation topics: Remove information that is irrelevant to the main topic of conversation.

Example: "JANE remembers SAM." or “JANE has a need to urinate.”

3. Remove unrelated personal events: Remove personal event information that is not directly related to the individual or does not influence the conversation flow.
Example: "MARK talked about a coworker who went on vacation last month."

4. Remove duplicate information: If the same information is provided in both Persona and Personal events, or if the same information is provided in Persona and
Shared memory, remove the Persona and retain the other information.

Example: “KATE enjoys watching movies.” (Persona) and “KATE often watches movies on weekends.” (Personal event) provide similar information, so remove
the Persona.

Example: “MIKE remembers the trip to Paris.” (Persona) and “MIKE and JANE shared a memorable trip to Paris.” (Shared memory) are similar; remove the
Persona.

5. Update Persona based on Mutual events: Update the Persona with emotions or reactions caused by Mutual events, and write sentences in the past tense.
Example: The Persona "JACK feels betrayed and angry." should be updated to "SARAH told JACK about her secret involvement in a rival project, causing JACK
to feel betrayed and angry."

Methods for Memory Update:

1. Connect sequential/causal events: Link and update events that are sequential or have a causal relationship.

Example:

Previous memory:

Tom recently got a new job.

Tom was very nervous on his first day at work.

Current memory:

Tom successfully completed his first project at the new job.

Updated memory:

Tom recently got a new job and was very nervous on his first day.

Tom has since successfully completed his first project.

2. Update conflicting events: Reflect changes or transitions when the previous and current memories contain conflicting information.

Example:

Previous memory:

Ellie did not enjoy her recent trip.

Ellie said she would no longer plan trips.

Current memory:

Ellie is planning a trip with her friends.

Ellie is looking forward to traveling again.

Updated memory:

Ellie did not enjoy her recent trip, but now she is planning a new trip with friends and is looking forward to it.

3. Remove unnecessary personal event information: Exclude any unnecessary details about personal events. If the personal event only reflects a very short-term,
trivial state (such as someone being in transit), it should be removed.

« Example: "Jay is on the bus" should be removed.

4. Accumulate unrelated events: Accumulate personal events that do not fit guidelines 1 through 3.

Example:

Previous memory:

JANE likes spicy food.

Current memory:

JANE dislikes math.

Updated memory:

JANE likes spicy food.

JANE dislikes math.

5. Use the past tense for Mutual events: Mutual events from the current session become past events, so convert them to the past tense.

Example:

Previous memory:

John and Alice are planning a trip together.

Current memory:

John and Alice have finalized the details of their trip.

Updated memory:

John and Alice planned a trip together and have finalized the details.

Actual Content Update:

Use the following structure to update the memory based on the provided guidelines.

All sentences in the updated memory must start with a person’s name. Previous memory:

{previous_memory}

Mutual event:

Current memory:

{current_memory }

Updated memory:

Table 16: Prompt used for memory update
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Instruction description

You will be given a conversation between two participants. Your task is to read, remember, and understand the dialogue to
evaluate how logically consistent and naturally flowing the interaction is, reflecting a coherent and human-like conversation.
Coherence Evaluation Criteria: Coherence evaluates how logically consistent, human-like, and naturally flowing a conversa-
tion is. It measures the natural flow of ideas and the relevance of responses to previous statements.

Even if the conversation shifts topics, it remains coherent if the shifts are contextually appropriate. Emotional depth, such as
nervousness or abruptness, should not automatically be seen as incoherence; instead, it can reflect the human aspect of the
dialogue.

Coherence is further enhanced by meaningful narrative progression and the appropriate use of figurative language or
intentional topic shifts that align with the participants’ intent.
Sudden topic changes, especially when discussing personal concerns or emotions, can still feel natural and coherent if the
shifts are handled smoothly, keeping the flow of the conversation intact. Recognizing emotions like nervousness or frustration
can contribute to coherence, as these reactions add depth and realism to the interaction. Thus, human-like reactions and shifts
in tone should be considered part of a coherent conversation.

Key Aspects to Consider:

Engaging Narrative and Logical Progression: The conversation should maintain a logically consistent and connected narrative,
even when the topic shifts or tone changes. Look for ways the dialogue remains relevant and engaging through transitions
between ideas. Multiple topic shifts can still be coherent if each shift matches or connects well with the previous topic,
maintaining the conversation’s flow.

Adaptability and Smooth Flow: Shifts in topic or tone should feel connected. If there is tension or disagreement, consider
how it adds depth and coherence to the dialogue, contributing to its narrative progression. The flow should feel authentic,
with responses adding to the logical continuity of the dialogue.

Logical Response Relevance: Each response should directly address or logically follow from the previous statement or
question. A coherent conversation maintains a clear connection between responses, avoiding irrelevant or off-topic answers.
When participants introduce new ideas or shift topics, these should still feel grounded in the context of the prior dialogue,
ensuring that the conversation remains connected and purposeful.

Scoring Guidelines:

0 points: The conversation lacks coherence. Responses are disjointed, irrelevant, or nonsensical, making the dialogue feel
artificial and disconnected.

1 point: The conversation shows minimal coherence. Responses are occasionally relevant but often feel awkward or forced,
disrupting the natural flow of dialogue.

2 points: The conversation is moderately coherent. Most responses make sense and follow the context, contributing to a
relatively smooth and connected dialogue, even when dealing with intense or emotionally charged topics.

3 points: The conversation is highly coherent, with responses that flow naturally, maintain logical progression, and closely
resemble a human-like conversation. Shifts in tone or topic, even if intense or emotionally charged, should contribute
positively to the overall narrative, maintaining a seamless and dynamic flow.

The output format should be as follows:

Score: [score]

Now, based on the provided conversation, evaluate which response has better Coherence considering the flow, logical
consistency, and emotional depth of the dialogue.

Dialogue :

{dialogue}

Score :

Table 17: Prompt used for coherence evaluation

14490



Instruction description

You will be given a conversation between two participants. Your task is to read, understand, and evaluate the interaction based
on how it subtly reveals emotional complexity, relational depth, and captivating dynamics. The conversation should reflect
moments of emotional engagement, relational tension, or even quiet significance that makes the interaction feel engaging and
memorable.

Engagingness Evaluation Criteria: Engagingness measures how much the conversation entertains through emotional layers,
subtle relational tension, or significant moments that might not immediately appear dramatic but still add depth. The
conversation should feel dynamic and engaging, with interactions that reveal or suggest deeper emotional connections or
personal significance, even in seemingly calm exchanges. It’s important to consider how elements of trust, vulnerability, or
tension might quietly enrich the dialogue, making it captivating and entertaining.

Key Aspects to Consider:

Subtle Emotional Depth and Relational Tension: The conversation should contain moments where emotional layers or
relational tension are hinted at, even if not overt. Subtle expressions of humor, trust, or tension can add richness to the
interaction, enhancing engagement through underlying dynamics between participants.

Significant Moments, Even in Calm Exchanges: The conversation may include moments that seem quiet or routine on
the surface but carry significant emotional weight or meaning. These moments should be considered memorable, as they
contribute to the deeper dynamics of the interaction, leaving a lasting impression.

Consistent Engagement and Entertainment Value: The conversation should create a flow that keeps the reader invested,
revealing dynamics between participants that make the interaction entertaining, even in subtle ways. The dialogue may
include calm exchanges, but it should feel engaging through the emotions and relational depth that lie beneath the surface.

Scoring Guide:

0 points: The conversation lacks emotional complexity, depth, or relational engagement, making it trivial or forgettable.

1 point: The conversation has minimal emotional engagement, with few moments of relational tension or humor, but they are
not sustained or impactful.

2 points: The conversation includes moments of emotional engagement or humor but is inconsistent in creating a strong
impact throughout.

3 points: The conversation consistently engages and entertains through emotional layers, relational depth, or significant
moments that reveal underlying dynamics. Even seemingly simple or calm exchanges carry emotional weight, making the
interaction feel rich and captivating, with memorable moments that enhance the overall engagement.

The output format should be as follows:

Score: [score]

Now, based on the conversation below, evaluate the Engagingness score by considering how captivating, creative, and
emotionally resonant the dialogue is.

Dialogue :

{dialogue}

Score :

Table 18: Prompt used for engagingness evaluation
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Instruction description

You will be given a conversation between two participants. Your goal is to read, remember, and understand the dialogue to
evaluate how well it reflects the participants’ mutual understanding and familiarity with each other.

Closeness Evaluation Criteria:

Closeness measures how well the participants know each other, reflecting the depth of their relationship and the extent of
their understanding of one another. This evaluation goes beyond mere communication, assessing how their interactions reveal
a shared history, familiarity, or dynamic that shapes their connection. Whether the interaction is friendly, contentious, or
competitive, the key is how well the participants recognize and respond to each other’s traits, emotions, and communication
styles. Elements such as light teasing, the use of slang, emotional support, sharing personal information, forming empathy,
and communication flexibility are vital indicators of closeness, even in adversarial exchanges.

Key Aspects to Consider:

Depth of Mutual Recognition: Look for moments where the participants acknowledge and respond to each other’s unique
traits and past experiences, including light-hearted jokes or teasing, indicating familiarity and understanding.

Emotional Support and Personal Sharing: Assess how the participants provide emotional support during challenging times
and share personal information, such as discussing family matters or past mistakes, which enhances their connection.
Adaptation to Each Other’s Responses: Evaluate how the participants adjust their behavior or language in response to one
another, showcasing their comfort and familiarity. This adaptation can reflect a complex relationship where they navigate
each other’s emotions effectively.

Scoring Guide:

0 points: The conversation lacks any sense of closeness. There is no mutual understanding or familiarity, making the
interaction feel impersonal and disconnected.

1 point: The conversation shows minimal closeness. There are hints of mutual understanding, but the interaction remains
largely superficial and lacks depth.

2 points: The conversation reflects moderate closeness. The participants demonstrate a reasonable understanding of each
other through their exchanges, recognizing each other’s traits, motivations, and emotional states.

3 points: The conversation demonstrates high closeness. The interaction reveals a deep familiarity and consistent recognition
of each other’s character, history, and dynamics. The dialogue feels like a natural extension of a long-standing relationship,
reflecting profound mutual understanding, whether the context is friendly, competitive, or contentious.

The output format should be as follows:

Score: [score]

Now, based on the provided conversation, evaluate which response demonstrates better Closeness, focusing on how well the
participants understand each other, reflect familiarity, and adapt to each other’s traits, emotions, and communication styles.
Dialogue :

{dialogue}

Past memory :

{shared_memory }

Score:

Table 19: Prompt used for closeness evaluation
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Instruction description

You will be given a conversation between two participants. Your task is to read, remember, and understand the dialogue to
evaluate how well it reflects the participants’ shared memories, past interactions, and mutual history.

Reflectiveness Evaluation Criteria: Reflectiveness measures how well the conversation incorporates shared experiences, past
events, and personal history between the participants. It evaluates how memories and mutual understanding are used to
inform the interaction, reflecting a deeper connection that goes beyond surface-level dialogue. The primary focus is on the
integration of past experiences and how well these memories are acknowledged, referenced, or built upon throughout the
conversation.

Key Aspects to Consider:

Integration of Shared Memories: Assess how well the participants incorporate past events, memories, or experiences into the
conversation. This can include direct references to shared history, implicit acknowledgments of past interactions, or the subtle
use of memories that add depth and context to the dialogue.

Consistency with Past Interactions: Evaluate how consistently the conversation aligns with previously established dynamics,
events, or shared experiences. The interaction should feel like a continuation of their mutual history, with responses that
logically and emotionally connect to their past.

Mutual Recognition of History and Context: Look at how the participants recognize and respond to the shared context of
their relationship. This includes acknowledging each other’s past actions, decisions, or shared journeys, demonstrating that
their connection is informed by a rich and evolving history.

Scoring Guide:

0 points: The conversation lacks any reflectiveness. There is no sense of shared history or mutual recognition of past
experiences, making the dialogue feel disconnected from their relationship.

1 point: The conversation shows minimal reflectiveness. There are some hints of shared memories or past events, but the
interaction lacks depth and consistency in incorporating these elements.

2 points: The conversation reflects moderate reflectiveness. Shared memories and past experiences are reasonably integrated,
adding context and depth to the interaction, even if subtle.

3 points: The conversation demonstrates high reflectiveness. The interaction consistently incorporates shared history and past
interactions, weaving memories into the dialogue in a meaningful and engaging way that enriches their connection.

The output format should be as follows:

Score: [score]

Now, based on the provided conversation, evaluate the Reflectiveness score by considering how well the dialogue incorporates
shared memories, past events, and the mutual history between the participants.

Dialogue :

{dialogue}

Past memory :

{shared_memory}

Score:

Table 20: Prompt used for reflectiveness evaluation

14493



Instruction description

Your task is to evaluate the "Consistency" between the following five consecutive conversations. Read through all the conver-
sations carefully and assess whether the relationship between the participants remains consistent throughout the dialogue. Pay
particular attention to how shifts in tone or behavior are well-supported by the context or emotional developments, allowing
the relationship to evolve naturally. Even if the dialogue features notable changes in the characters’ tone or attitude, these
shifts should still be seen as consistent if they are explained or connected to previous conversations.

Evaluation Criteria:

Consistency measures the evolving nature of the relationship between the participants across the conversations. Conversations
with good consistency will feel natural, even if the relationship experiences shifts in tone or intensity, as long as these shifts
are well-supported by prior interactions or context. Shifts that show character growth or new revelations, and that maintain
logical progression based on the overall relationship dynamics, should contribute positively to the consistency score.

0 Points: The conversations lack consistency, with abrupt shifts in tone or behavior that feel unsupported or out of context.
1 Point: The conversations show some consistency, but the relationship between the participants experiences a few unexplained
or awkward shifts.

2 Points: The conversations have moderate consistency. The relationship evolves in a mostly coherent manner, though there
may be minor shifts that slightly disrupt the flow.

3 Points: The conversations exhibit excellent consistency, with all shifts in tone or behavior feeling logical and well-supported
by prior dialogue. In these conversations, even as the tone or intensity changes, these shifts are always justified by emotional
or contextual developments between the characters. The relationship evolves naturally and feels enriched by the deeper
emotional understanding of both participants. Even if the characters’ actions or speech become more direct or intense, the
progression makes sense within the established dynamics of their relationship.

Output Format:

Score : [score]

Dialogue 1 :

{dialoguel }

Dialogue 2 :

{dialogue2}

Dialogue 3 :

{dialogue3}

Dialogue 4 :

{dialogue4}

Dialogue 5 :

{dialogue5}

Score :

Table 21: Consistency prompt for Episode evaluation.
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Instruction description

Your task is to evaluate the "Reflectiveness” between the participants across the following five consecutive conversations.
Reflectiveness measures how well the relationship between the participants can be inferred from their dialogue. Focus on
whether the conversations naturally reveal their connection, providing clear and consistent clues about how they relate to each
other.

Evaluation Criteria:

Reflectiveness measures how well the participants’ relationship can be inferred from their dialogue. It is rated higher when
conversations provide clear, consistent clues about their connection, such as personal interactions, emotional exchanges, or
shared experiences that suggest familiarity or trust.

Reflectiveness is rated lower when the relationship is ambiguous, or when the dialogue lacks personal details, shared
experiences, or emotional exchanges.

Conversations that focus on surface-level information or general topics without providing insights into the participants’ bond
make it difficult to infer their relationship. If the dialogue remains formal or distant, without revealing any personal or
emotional depth, the score decreases.

Scoring Criteria:

0 points: The conversations provide no clear indications of the participants’ relationship, leaving their connection undefined.
1 point: The conversations provide limited or vague information, making it hard to infer the participants’ relationship.

2 points: The conversations give some insight into the relationship but lack strong, consistent cues. There is a moderate sense
of connection, but not enough clarity about their bond.

3 points: The conversations clearly and consistently reveal the participants’ relationship. Their interactions, whether direct or
subtle, provide consistent cues about trust, emotional engagement, or shared history. These exchanges make it easy to define
their relationship, with personal details, familiarity, or mutual understanding naturally emerging throughout the conversations.
Output Format:

Score : [score]

Dialogue 1 :

{dialoguel }

Dialogue 2 :

{dialogue2}

Dialogue 3 :

{dialogue3}

Dialogue 4 :

{dialogue4}

Dialogue 5 :

{dialogueS}

Score :

Table 22: Reflectiveness prompt for Episode evaluation.
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Instruction description

Your task is to evaluate the "Engagingness" between the participants in the following five consecutive conversations. Read
through all the conversations carefully and assess how entertaining and engaging the dialogue is for the participants. Pay
particular attention to whether the conversations are connected across sessions and if this connection enhances the overall
fun and interest of the dialogue. A clear and engaging flow between sessions can increase the overall Engagingness of the
conversation.

Evaluation Criteria:

Engagingness measures how fun and captivating the conversations are. High levels of engagingness will make the dialogue
feel lively, entertaining, and enjoyable for both participants. Additionally, conversations that show a strong connection across
sessions, enhancing the overall flow and enjoyment, will have higher levels of engagingness. When the participants talk
about shared experiences or events, it helps them understand each other better, which overall makes the conversation more
enjoyable and engaging.

0 points: The conversations are not engaging. The interactions are dull, monotonous, and fail to capture any interest. There is
no meaningful connection between sessions.

1 point: The conversations show minimal engagingness. There are a few moments of interest, but the overall dialogue feels
flat and lacks energy. The connection between sessions is weak or nonexistent.

2 points: The conversations are moderately engaging. The participants manage to create some entertaining exchanges, but the
overall flow isn’t consistently fun or lively. Connections between sessions exist but are not particularly strong or noticeable.
3 points: The conversations are highly engaging, with dynamic, fun, and captivating exchanges that keep the conversation
entertaining and full of energy throughout.

The dialogue flows well between sessions, and this connection makes the overall experience more enjoyable. When
participants share common experiences, it helps them know each other better, making the conversation feel even more fun
and engaging.

Output Format:

Score : [score]

Dialogue 1 :

{dialoguel}

Dialogue 2 :

{dialogue2}

Dialogue 3 :

{dialogue3}

Dialogue 4 :

{dialogue4}

Dialogue 5 :

{dialogue5}

Score :

Table 23: Engagingness prompt for Episode evaluation.
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Previewing Answers i by Workers X
This message is only visible to you and will not be shown to Workers.
You can test completing the task below and click "Submit" in order to preview the data and format of the submitted results.

View instructions

We are conducting a study on the quality of dialogues.

Below is a conversation between two individuals. These two have already engaged in numerous conversations.
You are asked to evaluate the quality of the following conversation. Please read the conversation carefully and answer the questions below.

Guidelines

There are five options for each question: "Definitely Disagree," "Slightly Disagree," "Slightly Agree," and "Definitely Agree."
Trust your instincts, and if you feel more confident giving one response, choose "Definitely."
Each choice will be automatically saved.

$first_utt ) 1. How engaging is this conversation? Does it reveal emotional depth, relational
irst_utterance X o K
tension, or moments of personal significance, even in calm exchanges?

Definitely Agree
${second_utterance}

Slightly Agree

: Slightly Disagree
${third_utterance}

Definitely Disagree
${fourth_utterance}
2. How well does this dialogue maintain a natural and logical flow? Does each

response feel relevant to the previous statements, even if the conversation shifts
topics?

${fifth_utterance}

Definitely Agree
${sixth_utterance}

Slightly Agree

Slightly Disagree
${seventh_utterance}

Definitely Disagree
${eighth_utterance}

3. How well do the participants in this dialogue seem to know each other?
${ninth_utterance} Consider if their interactions, even in conflict, show familiarity, shared history, or

understanding—such as through teasing, emotional support, empathy, or

references to past events or feelings. Does the nature of their disagreements

suggest a deeper connection or familiarity?
${tenth_utterance}

Definitely Agree
Slightly Agree
Slightly Disagree

Definitely Disagree

Figure 4: User interface (UI) used for human evaluation on Amazon Mechanical Turk, displaying the screen as
viewed by the annotators.
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Figure 5: The number of movies in each genre category in SHARE

14498



