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Abstract

Long-term memory is important for chatbots
and dialogue systems (DS) to create consistent
and human-like conversations, evidenced by
numerous developed memory-augmented DS
(MADS). To evaluate the effectiveness of such
MADS, existing commonly used evaluation
metrics, like retrieval accuracy and perplexity
(PPL), mainly focus on query-oriented factu-
alness and language quality assessment. How-
ever, these metrics often lack practical value.
Moreover, the evaluation dimensions are insuf-
ficient for human-like assessment in DS. Re-
garding memory-recalling paradigms, current
evaluation schemes only consider passive mem-
ory retrieval while ignoring diverse memory
recall with rich triggering factors, e.g., emo-
tions and surroundings, which can be essential
in emotional support scenarios. To bridge the
gap, we construct a novel Memory-Augmented
Dialogue Benchmark (MADail-Bench) cover-
ing various memory-recalling paradigms based
on cognitive science and psychology theories.
The benchmark assesses two tasks separately:
memory retrieval and memory recognition with
the incorporation of both passive and proactive
memory recall data. We introduce new scoring
criteria to the evaluation, including memory in-
Jection, emotion support (ES) proficiency, and
intimacy, to comprehensively assess generated
responses. Results from cutting-edge embed-
ding models and large language models on this
benchmark indicate the potential for further
advancement. Extensive testing further reveals
correlations between memory injection, ES pro-
ficiency, and intimacy'.

1 Introduction

Long-term memory is crucial for achieving human-
like communication in scenarios that demand sus-
tained interactions, such as personal companion-
ship, psychological counselling, and personal as-

!Codes and data will be released in https://github.
com/hejunging/MADial-Bench.

sistant tasks (Zhong et al., 2023). Powerful Large
Language Models (LLM) such as LlaMA (Tou-
vron et al., 2023), Claude (Anthropic, 2024), GPT4
(Achiam et al., 2023) and ChatGPT (OpenAl, 2022)
have demonstrated a remarkable ability to under-
stand and generate coherent responses (Bubeck
et al., 2023). However, their lack of long-term
memory hinders their application in dialogue sys-
tems for natural conversations.

Therefore, researchers built diverse Memory-
Augmented Dialogue Systems (MADS) that main-
tain contextual understanding, and ensure mean-
ingful interactions over time (Zhang et al., 2024;
Hou et al., 2024; Zhong et al., 2023). There are
two types of MADS: (1) memory encoded in pa-
rameters or retrieving memory via learned adaptive
residual side-network (Zhang et al., 2024; Wang
et al., 2023). (2) dialogue histories as memory and
retrieve the memory based on semantic similari-
ties (Hou et al., 2024; Zhong et al., 2023). The
first of which is non-scalable due to the expensive
cost with a growing user number, while all types
of MADS are using evaluation schemes that are
limited to question-answering tasks with language
modelling assessment, instead of evaluating the
realistic multi-turn dialogues (Packer et al., 2024;
Zhong et al., 2023). Additionally, existing MADS
rely solely on passive memory retrieval triggered by
users’ mention, which significantly deviates from
the proactive nature of human accessing memory.

According to the two-stage theory in cognitive
science, human memory recall involves a mem-
ory search (or generation) process followed by a
recognition (or decision) process (Bahrick, 1970;
Watkins and Gardiner, 1979). An example is shown
in Appendix I. Memory recall can also be triggered
by states rather than dialogue utterance, where
“state” encompasses an individual’s surroundings,
and mental and physical states when the memory
was constructed (Weissenborn and Duka, 2000).
For example, emotional states can trigger memory
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Figure 1: Memory Augmented Dialogue System with
Emotion Support based on two-stage theory.

recall, highlighting the role of long-term memory
in emotion regulation, instead of only serving as
the common ground between individuals for con-
versation (Horton, 2005; McKinley et al., 2017;
Sarah and Melissa, 2016). Long-term memory is
a core component for emotion regulation (Engen
and Anderson, 2018). Indeed, by recalling a happy
memory, people can mitigate the effect of a nega-
tive mood state (Arditte Hall et al., 2018). However,
current MADS only leverage memory as common
ground in conversations, while overlooking the po-
tential for emotional support that requires proactive
memory recall.

To approach a practical and comprehensive
evaluation of MADS, we introduce Memory-
Augmented Dialogue Benchmark (IMADial-
Bench) to evaluate generated responses with
human-centred aspects justified by cognition sci-
ence and psychology theories. MADial-Bench rep-
resents memories from emotions, scenes and other
cues as states. The two-stage theory is adopted for
separate assessment in MADial-Bench to imitate
the human memory recall procedure. The dataset
enables the evaluation of two recall mechanisms:
Fassive recall, searching memories when the user
mentions a specific event or item, which provides
common ground in conversation; and Proactive re-
call, retrieving memories based on user emotion
or scene as per psychological strategies, to achieve
interpersonal emotional regulation. The dialogues
in the benchmark are refined by humans with high
emotional intelligence (EI) to achieve the goal. We
also designed a set of guidelines based on emo-

tional supporting (ES) theories (Austin et al., 2018;
Hill, 2020) to measure the aspect of ES proficiency.
It is the first multi-recall and multi-stage memory-
aware emotional dialogue generation benchmark.
The paper highlights the evaluation of the retrieval
accuracy, memory recognition & injection abil-
ity, and comprehensive assessment of generated
responses, e.g. language style, ES proficiency and
intimacy. After extensive experiments on LLMs,
we discovered memory injection improves intimacy
between MADS and users. There is still a gap be-
tween the most advanced models and human per-
formance. Our main contributions are three-fold:

* We construct a delicate memory-augmented dia-
logue benchmark, called MADial-Bench. It is the
first multi-recall multi-stage memory augmented
dialogue system benchmark guided by cognitive
science theory.

e It is the first work that introduces diverse
memory-aware rating aspects with clear require-
ments for each point, containing memory injec-
tion, ES proficiency, intimacy et al. We also dis-
cover the relation between performance reported
at these dimensions.

* We conduct extensive experiments on the
strongest LLMs and embedding models. Results
show that LLMs can perform higher naturalness
and style coherence with careful prompting but
lag behind humans in memory recognition and
dialogue generation.

2 Related Works

Memory recall is an information retrieval pro-
cess from people’s past experience, which also ac-
quaints them with past events (Bermingham et al.,
2013). Two main relevant theories on the recall
process are the two-stage theory and the theory of
encoding specificity. They are essential to explain
the underlying assumption and mechanisms in the
process of memory recall (Ezeh et al., 2018).

2.1 Two-Stage Process Theory of Memory
Recall

The two-stage theory states that the process of
memory recall begins with a search and retrieval
process, and then a decision or recognition process
where the correct information is chosen from what
has been retrieved (Bahrick, 1970; Watkins and
Gardiner, 1979). As summarized by Ezeh et al.,
recall works by a two-phase process:

1. A search through memory for something that
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might satisfy the search criteria, referred to as
memory recall in this paper.

2. A comparison of recalled memory with the
detail of which is being sought, defined as
memory recognition in the paper.

Researcher Tarnow provided the first direct evi-
dence of two stages in free recall and corresponding
estimates of working memory capacity. He found
the two stages can be seen directly in sequential
free recall distributions and the estimate of the ca-
pacity of working memory at 4-4.5 items.

2.2 Encoding Specificity Theory

The encoding specificity theory, a cognitive psy-
chology theory, explains the essential condition
for effective information encoding to and recall
from memory. Tulving and Thomson contended
the essence of similar or shared conditions during
information encoding and memory retrieval for ef-
fective memory retrieval. Typical conditions are
physical location or surroundings, as well as the
mental or physical state of the individual. This
theory plays a significant role in both the concept
of context-dependent memory and the concept of
state-dependent memory. This theory inspires the
design of memory with meta information and the
proposal of a multi-recall paradigm in this paper
for conversational Als.

2.3 Evaluation of Memory-Augmented
Dialogue Systems

Many remarkable MADS have been proposed to
build virtual agents and other applications (Zhong
et al., 2023; Wang et al., 2023; Liu et al., 2023;
Zhang et al., 2024; Hou et al., 2024; Packer et al.,
2024). Theses MADS were evaluated in two ap-
proaches. Given a memory pool and a dialogue
context, the retrieval accuracy, response correct-
ness and contextual coherence are scored, repre-
senting the first assessment method (Zhong et al.,
2023; Liu et al., 2023). This kind of evaluation is
widely used in MADS that summarise events with
emotion in dialogues as long-term memory and
recall memories using a search module like embed-
ding models. The test set only covers the passive
memory recall triggered by users, omitting the nat-
ural proactive memory search in conversations for
emotional regulation.

Another method adopts long-context language
modelling (LM) tasks to measure memory abil-
ity, using novels and academic papers datasets like

Metrics ED ESC Ours
Fluency/Naturalness v v v
Empathy v X v
Memory-Injection X X v
ES Proficiency X v v
Overall/Intimacy X v v

Table 1: Evaluation Aspects of responses in represen-
tative research. ED is short for EmpatheticDialogues
(Rashkin et al., 2019), and ESC is short for Emotional
Supporting Conversation (Liu et al., 2021).

PG22 (Wang et al., 2023) and Arxiv (Gao et al.,
2020). These language modelling tasks differ from
real conversational scenarios, especially with us-
ing language perplexity and classification accuracy
metrics. Overall, it is noteworthy that both evalua-
tion methods ignore the value of emotional support
in memory-augmented dialogue systems.

2.4 Evaluation of Emotional Support DS

As emotional support is an essential function of
conversation, DS with empathy were rapidly devel-
oped and researched, including ED (Rashkin et al.,
2019), ESC (Liu et al., 2021), and other advanced
work (Sabour et al., 2022; Tian et al., 2022; Zhou
et al., 2018). They commonly score Empathy, Rel-
evance and Fluency for each response. We craft
Emotional Improvement, Coherence and Natural-
ness based on these aspects. Liu et al. (2021) uses
Identification, Comforting and Suggestion in extra
to measure the emotional regulation steps in advice-
seeking scenarios. These metrics are not suitable
for daily dialogues and are merged into one as-
pect in this paper: ES Proficiency. We gauge this
aspect according to hand-crafted well-written guid-
ance based on psychological theories. However,
the metrics above don’t inspect long-term memory
augmentation and intimacy. Therefore, we add the
Memory-injection Ability and Intimacy to assess
how much a conversational Al introduces correct
memory into dialogue and resembles a close friend.

Another difference from metrics in previous stud-
ies lies in the scoring standard, which adopts the
Likert scale. The requirement of each point in our
metrics is strictly listed with minimum ambiguity.
For instance, Naturalness contains 3 sub-aspects
corresponding to 3 points, where each point can be
rated from O to 1 and summed up to 3 at most. The
difference between MADial and previous works is
listed in Table 1.
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3 MADial-Bench

We simulated long-term dialogues between two
users (a boy named Bart and a girl named Lisa)
and a virtual assistant with memory information at
various time points, in the form of event summaries.
We evaluate the dialogue between children for their
simple expression and direct emotional exposure.
By sampling different topics and scenarios, we gen-
erated 171 historical memories and 160 dialogues
in 1474 turns. The final MADial-Bench was cre-
ated through prompt-based generation using GPT-4,
followed by multiple manual refinement and revi-
sion rounds.

3.1 Overview

MADial-Bench encompasses two tasks related to
conversational memory recall: proactive recall of
emotional memories and passive recall of objective
facts. The proactive recall involves four situations:
happy, sad, anxious, and disappointed emotion of
the user. On the other hand, the passive recall of
objective facts encompasses activities, objects, and
social relationships. Social relationships are further
categorized into positive and negative relationships.
The conversation turns range from 8 to 12, with av-
erage statistics illustrated in Figure 2. Considering
the two-stage nature of memory utilization, we di-
vide the testing of a memory dialogue system into
two stages: memory recall and response generation
with memory recognition. To support diverse recall
paradigms and mimic human memory, a memory
in the benchmark contains time, emotion, scene
and event, as illustrated in Table 3.

Passive Recall

/ Activity \
Object 13%

Social

13% 13%
Anxious Sad
16% 16%
Disappointed Happy
16%

Proactive Recall

Figure 2: Data distribution of each task and category.

Subset #Dialogues Avg Turn  Avg Len.
All 160 9.21 44.39
Proactive 100 9.38 45.80
Passive 60 8.93 41.93

Table 2: Statistical details of data. Avg Len. is short for
average length per turn.

Event

Bart danced at the
Christmas party and
felt very happy.

Scene
Activity

Emotion
Happy

Time
2023-12-5

Table 3: A memory sample.

3.2 Data Contruction

Since the memory-recalling procedure is related to
emotions and other surroundings, we first curated
18 emotional categories according to cognitive sci-
ence and psychological theories (Ekman, 1992;
PLUTCHIK, 1980; Sabour et al., 2024). Then
we asked a psychology major graduate to decide
what kind of memories should be recalled to regu-
late certain emotions for proactive memory recall.
As discovered by psychologists through emotion
recognition tasks, various emotions have been de-
veloped during people’s childhood (Tonks et al.,
2007; Baron-Cohen et al., 2010). For example, hap-
piness, sadness, anger, disgust, fear, anxiety, disap-
pointment and so on. Finally, 4 emotions including
happiness, sadness, anxiety, and disappointment
were selected for passive memory recall since they
are linked with past events and expressed by chil-
dren under 10 (Baron-Cohen et al., 2010). We also
define 5 scenes to describe the topic, physical state
and surroundings of the users, which contain Pref-
erences, Activity, Disease, Emotions and Others.
The definition of each scene is in the Table 9 in the
Appendix.

We hired a psychology expert to develop a
set of guidelines for emotionally supportive dia-
logue based on psychological literature (Hill, 2020;
Austin et al., 2018; Mayer et al., 2016). These
guidelines outline how conversations should be con-
ducted in different situations to provide appropriate
emotional support to users. The guidance is used
to construct dialogues and score the ES proficiency
later.

GPT4? was used to generate dialogues and his-
torical memories with specific topic lists and user
profiles. For each case, a topic and a user are sam-

2GPT4-Turbo-0429, https://platform.openai.com/
docs/models/gpt-4-turbo-and-gpt-4
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pled for LLMs to generate a dialogue with a related
memory and inject the memory into dialogue in
the sampled turn. After generating the initial ver-
sion of the dialogue and memory data, we use an
Embedding model® to rank all the memory collec-
tions given the context. Then, we select appropriate
memories from the top 20 memories as a golden
set for each dialogue. When the original memory
in the dialogue is not in the golden set of relevant
memories, we modify the introduced memory and
dialogue content afterwards. All the responses are
then checked and modified manually according to
the ES skill guidance. These human-crafted re-
sponses serve as a reference.

3.3 Task Definition

In this section, we introduce the two tasks tested
in MADial-Bench, corresponding to phrases in the
two-stage theory. Analog to Retrieval Augmented
Generation (RAG), memory recall resembles the
retrieval stage (finding relevant chunks/memories),
while memory recognition/response generation mir-
rors the generation stage (producing output based
on the retrieved chunks/memories).

3.3.1

For each dialogue D;, there is a corresponding
golden memory set, denoted as .S;, which contains
the most suitable memories for the current dialogue.
Itis a relevant memory list of length / in descending
suitability order, where [ ranges from 1 to 7. Before
generating a response, the memory recalling task
is to retrieve the golden memory set S; from the all
memories in the memory bank for a given dialogue
D. The model responsible for memory retrieval is
denoted as M;.

Memory Recall

3.3.2 Memory Recognition and Response
Generation

After retrieving a subset of memories, the LLM
needs to select the most appropriate memory for
the dialogue, this process is called memory recogni-
tion in two-stage theory. Given a sample D;, P;, R;,
where P; is the candidate set of memories, R; is
the reference response, the target is to generate a re-
sponse that is appropriate and semantically similar
to R;. The model responsible for memory selection
and response generation is denoted as Ms. Based
on psychological research (Austin et al., 2018), we
build the criteria for selecting and using memories
for different memory recalls, sub-types and factors

3We used the best one according to our experiments.

like emotions, relationships, events, and objects.

The detailed criteria are shown in Table 10 in the

Appendix.

This task has 3 settings that vary with F;:

* Setting 1 directly provides the first golden mem-
ory m, as P;, which contains a single memory.
It is the ideal situation to investigate the memory
injection ability of models.

* Setting 2 adds 4 sampled negative memories to
the golden one and shuffles them as P;. It ensures
the existence of golden memory in P; and investi-
gates both the memory recognition and injection
abilities of models.

* Setting 3 provides retrieval results from the best
embedding model in setting 1 as P;. It is the most
realistic setting and the results may be similar to
practical performance.

3.3.3 Intimacy and Memory Usage

In this experiment, we assess the benefit of mem-
ory by comparing the responses generated by each
LLM with and without memory in Setting 3. Five
annotators choose the more intimate response or
select "tie" if they can’t decide. Additionally, in the
human evaluation for Task 2, they pick the most
intimate response from all candidates.

4 Experiments

In this section, we detail the evaluation setups of
top models, embedding models for memory re-
trieval, and LLMs for memory-injected response
generation in the task of memory recognition and
response generation. The response evaluation in-
cludes the use of both human evaluation measures
over rich aspects and commonly used automatic
evaluation approaches.

4.1 Memory Recall Task
4.1.1 Embedding Models

We conduct experiments on the following em-
bedding models for English: Jina embedding?2-
base-en (Glinther et al., 2023), GTE-base-en-
v.15 (Li et al., 2023), BGE-M3 Dense (Chen
et al., 2024), and OpenAl text-embedding-3-large *.
Chinese embedding models tested are: Acge text-
embedding (Kusupati et al., 2022), Stella’, BGE-
M3 Dense and Colbert, and Dmeta® and OpenAl

*https://platform.openai.com/docs/models/
embeddings

5https://huggingface.co/infgrad/
stella-large-zh-v3-1792d

6https://huggingface.co/DMetaSoul/
Dmeta-embedding-zh
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text-embedding-3-large. These embedding mod-
els are top-ranked in the retrieval tasks in ETEB
Leaderboard 7(Muennighoff et al., 2022). We do
not include model parameters exceeding 7B due to
the slow inference.

4.1.2 Metrics

For a comprehensive evaluation of the memory
recall performance of the embedding model M1, we
measured Mean Average Precision (MAP), Mean
Reciprocal Rank (MRR), Normalized Discounted
Cumulative Gain (nDCG), Recall, Precision and
calculated their mean across different scopes. The
detailed metrics are illustrated in Table 4. MRR
places greater emphasis on the top-ranked position,
focusing more on the golden summary m.. MAP
uniformly considers all relevant summaries, while
nDCG accounts for the relevance and positions of
different memories.

4.2 Memory Recognition and Response
Generation

4.2.1 Models

We conduct tests on various models of differing
sizes within the latest English and Chinese se-
ries. The models evaluated in this study include
Qwen2-7B-Instruct (Yang et al., 2024), GPT-4-
turbo (Achiam et al., 2023), Doubao-Character-
32k(0528), GLM-4-0520% (Zeng et al., 2022),
and Ziya-Character-0606, a fine-tuned model with
over 30K character dialogues based on the Ziya2-
13B-Base (Gan et al., 2024). For English ver-
sion, we tested Llama3-8B-Instruct, Llama3-70B-
Instruct (Dubey et al., 2024), GPT-40, and GPT-4-
turbo. They all ran with zero-shot prompting.

4.2.2 Metrics
BLEU (Papineni et al., 2002), Rouge-L (Lin, 2004)
and BertScore (Zhang et al.) are employed to assess
the literal and semantic overlap between the gen-
erated response and the reference response. Con-
sidering the limitations of static metrics, we further
utilize human annotation to evaluate the candidates
in various aspects. Each instance to score includes
a mixture of a reference answer and five candidate
answers to facilitate objective comparisons. The
human evaluation is in two stages (1) aspect-aware
scoring and (2) the pick-the-best paradigm. The
definitions of aspects are listed as follows:

7in June 2024. Leaderboard: https://huggingface.co/
spaces/mteb/leaderboard

8https://bigmodel.cn/dev/api/normal—model/
glm-4

» Naturalness inspects the language quality of can-
didate responses, including grammar, pronoun
usage, context correlation and oral expression.

* Style Coherence measures how much output
aligns with the character description in prompts.
Specifically, the assistant is also evaluated by
whether a proper tone and easy words are used
to talk with a child.

e Memory-injection Ability examines how well
the LLM recognise the correct memory and intro-
duces it into dialogues without quotation errors.

¢ ES Proficiency measures how skilful the model
is in ES, considering at most three turns of di-
alogues. The scoring is instructed by detailed
guidance covering different dialogue situations.

¢ Emotion Improvement measures whether the
response, the literal expression is empathetic and
positive or not. A high emotion improvement
score does entail high ES proficiency.

 Intimacy is used in side-by-side comparisons
and pick-the-best among candidates. It is an over-
all feeling of how much a model behaves like a
close friend.

The detailed requirements are in Appendix C.

5 Results and Discussion

In this section, we discuss the performance of mod-
els in each task and aspect. The surprising relations
between aspects are also dug out. Later on, auto-
matic evaluation results also show their disability
in assessing LLM outputs in this benchmark.

5.1 Memory Recall

The experimental results of applying various em-
bedding methods in Table 4 show that the OpenAl
embedding model achieves the best performance on
both English and Chinese datasets. The bilingual
BGM-M3 performs the best among open-source
models on the English testbed, while Acge is the
top open-source model for the Chinese testbed in
our setting.

However, regardless of the language, the re-
trieval performance on our MADial-Bench is far
from satisfying. Even the best embedding model,
OpenAl, does not exceed 60% @1 and struggled at
62% @10 in the final average, highlighting the diffi-
culty of retrieving appropriate memories in conver-
sation. Solely text similarity retrieval is inadequate
for the memory recall process in dialogue systems.
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% | MAP | MRR | nDCG
English Models | @1 @3 @5 @10 | @l @3 @5 @10 | @l @3 @5 @10
Jina 36.88 3194 3299 36.78 | 36.88 4573 4792 50.12 | 36.88 48.61 52.76 57.07
BGE M3 50.63 43.14 4345 47.35 | 50.63 5990 61.80 6324 | 50.62 6236 6530 67.80
GTE 45.0 40.14 4044 43.69 | 4500 53.85 5620 57.50 | 45.00 56.84 60.70 62.82
OpenAl 62.50 5422 5577 58.58 | 62.50 7250 7397 74.86 | 62.50 7534 7695 77.40

% | Recall | Precision | Average
English Models | @1 @3 @5 @10 | @1 @3 @5 @10 | @I @3 @5 @10
Jina 21.27 3690 44.83 62.16 | 36.88 23.75 18.12 13.63 | 33.76 3739 39.32 43.95
BGE M3 2792 4729 5527 7047 | 50.62 32.08 2375 15.81 | 46.08 4895 4991 5293
GTE 27.13 4372 5250 65.68 | 45.00 2833 21.12 1438 | 41.43 4458 46.19 48.81
OpenAl 36.78 58.00 69.49 80.59 | 62.50 38.33 29.00 17.81 | 57.36 59.68 61.04 61.85

% | MAP | MRR | nDCG
Chinese Models | @1 @3 @5 @10 | @I @3 @5 @10 | @I @3 @5 @10
Acge 5250 46.27 46.80 5090 | 525 6333 6496 66.17 | 5250 66.69 69.13 70.30
Stella 52.50 4443 4540 49.13 | 52.50 61.87 6422 65.56 | 52.50 6438 68.17 69.61
BGE M3 (colbert) | 51.25 41.89 43.76 4748 | 51.25 6042 62.07 6331 | 51.25 6294 6485 66.78
BGE M3 (dense) | 52.50 44.51 4554 48.82 | 52.50 63.54 6495 65.79 | 5250 66.61 68.61 69.30
Dmeta 50.00 4575 46.64 49.21 | 50.00 6240 6427 65.07 | 50.00 6630 69.12 70.31
OpenAl 64.38 5472 5598 59.82 | 6438 73.44 7459 7543 | 6438 7590 7690 77.19

% | Recall | Precision | Average
Chinese Models | @1 @3 @5 @10 | @1 @3 @5 @10 | @l @3 @5 @10
Acge 30.69 50.25 5898 73.53 | 5250 33.96 25.00 16.81 | 48.14 52.10 5297 5554
Stella 30.10 46.63 57.73 73.14 | 52.50 3271 25.13 16.69 | 48.02 50.00 52.13 54.83
BGE M3 (colbert) | 27.99 4572 57.14 71.57 | 51.25 3146 2487 1638 | 46.60 48.49 50.54 53.10
BGE M3 (dense) | 28.94 50.10 58.57 71.44 | 5250 33.75 2525 16.19 | 47.79 51.70 52.58 54.31
Dmeta 30.53  52.07 59.87 70.07 | 50.00 33.13 2488 1531 | 46.11 51.93 5296 54.00
OpenAl 36.28 58.43 6943 8237 | 6438 3980 29.63 18.81 | 58.76 60.46 6131 62.72

Table 4: Memory recall performance in English version and Chinese version.

5.2 Memory Recognition and Response
Generation

Table 5 depicts LLMs’ average scores of each as-
pect on all three tasks in the Chinese version.

For the overall performance, human-written ref-
erences scored higher than models in most aspects
except emotion improvement from GPT4-Turbo.
Therefore, no LLMs can surpass humans in aver-
age performance. There is space for improvement
in aspects including Naturalness, Style Coherence,
Memory Injection and ES skills. GPT4-Turbo is
the best model for tasks 1 and 2, while GLM-4 is
superior in setting 3.

For memory injection, we observe a substantial
gap between LLMs and human written reference,
in which humans can introduce suitable memory
into response correctly and LLMs can only achieve
half of the scores in setting 3 except GLM-4. The
models in setting 1 are often better performed than
in settings 2 and 3. Specifically, given the golden
memory, models can achieve scores over 2.5 but
decrease dramatically when blended with unrelated
memories, except for Ziya-Character, which per-

formed badly in all tasks for the sake of smaller
parameter size. Results of GLM-4 seem robust
at the cost of introducing too much memory into
response and harming other aspects like style co-
herence. It reveals that the strongest LLMs also
struggle in memory recognition.

A significant improvement in Naturalness from
setting 1 to setting 2 and 3 implies that all models
benefit from the emphasis on the Naturalness in
prompts. Similar phenomena also exist in Style
Coherence. Among all the models, Doubao excels
in these two aspects after the prompt strengthening.
Since the Ziya-Character was fine-tuned with role-
play and character datasets, it can produce natural
and stylish responses steadily. But it was beaten
by larger models like Doubao, GPT4-Turbo and
Qwen2-72B with prompt engineering.

When addressing setting 1 where golden mem-
ory was provided, all the models had over 2.2
scores in ES Proficiency. However, while meet-
ing a realistic setup (i.e., setting 3), scores on ES
Proficiency drop significantly. Therefore, ES Pro-
ficiency is related to Memory Injection ability. To
investigate the correlation, we draw the distribu-
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Models

| Setting | Naturalness | Style Coherence | Memory Injection | ES Prof. | Emotional Impr. | Average

1 1.801 2.035 2.526 2.225 2.577 2233

Doubao 2 2.700 2.850 0.900 2.425 2.600 2.295

3 2.709 2.729 0.544 2.052 2.486 2.104

1 2.069 1.984 2.553 2.675 2.893 2.435

GPT4-Turbo 2 2.550 2.450 1.475 2.600 2.825 2.388
3 2.656 2.178 1.596 2.376 2.752 2311

1 2.020 1.984 2.500 2.750 2.723 2.395

Qwen2-72b 2 2.525 2.725 1.125 2.550 2.800 2.345
3 2.632 2.496 1.734 2.443 2.609 2.383

1 2.044 1.704 2.895 2.600 2.674 2.384

GLM-4 2 2.125 2.050 2.275 2.525 2.750 2.345

3 2.750 2.117 2.329 2.524 2.582 2.397

1 2.239 2.798 0.289 2.250 2.577 2.031

Ziya-Character 2 2.350 2.725 0.925 2.300 2.625 2.185
3 2.574 2.655 0.886 1.890 2.24 2.049

reference | all | 2.750 | 2.900 | 3.000 | 2.875 | 2.650 | 2835

Table 5: Human Evaluation Results on memory recognition and response generation. The prompts for setting 2 and
setting 3 particularly emphasize the naturalness and style requirements to improve the performance. The highest

score per setting in each aspect per task is in bold.

tion of ES Proficiency grades with varied memory-
injection scores cross all LLMs in Figure 3 We
observe that higher memory-injection ability does
lead to higher ES proficiency. A 3.0 memory injec-
tion score can lead to a 3.0 ES score in 61%, which
emphasizes the importance of memory-augmented
ability in ES.

1
2
m3
0 1 2 3

Memory Injection Scores

70.0%

60.0%

50.0%

40.0%

30.0%

ES score distribution

20.0%
10.0%

0.0%

Figure 3: The relation between memory injection score
and ES Proficiency. The probability of a 3.0 ES score
grows as memory injection scores increases.

Surprisingly, the Emotional Improvement ex-
pression from GPT4-Turbo, Qwen2-72B and GLM-
4 can exceed that of humans. As per qualitative
analysis, these models maintain a warm, energetic
tone, encouraging users during low-emotion mo-
ments, whereas human responses sometimes lack
positivity and encouragement.

5.3 Intimacy and Memory Usage

Model | Win | Tie | Lose
GPT4-Turbo 61.9 | 28.8 9.4
Qwen2-72B 56.3 | 28.8 | 15.0

Doubao 444 | 344 | 21.3

GLM-4 550 | 194 | 25.6
Ziya-Character | 47.5 | 21.9 | 30.6

Table 6: Side-by-side evaluation results on the responses
intimacy with and without memory.

The side-by-side evaluation results on intimacy
of responses with and without memory are pre-
sented in Table 6. As the table indicates, responses
with memory injection are almost (no less than
69.4% probability) better than those without mem-
ory. The win rate grows higher as the model be-
comes stronger. For example, GPT4-Turbo can pro-
duce 61.9% more intimate response with memory
while Ziya-Character can only produce a win rate
of 47.5%. It is attributed to their stronger memory
injection ability and ES Proficiency. It implies that
intimacy performance is highly related to memory
injection ability.

We also investigate people’s preferences by ask-
ing 5 annotators to select the best responses in
setting 3 and see whether they are equipped with
memory. Results of the ratio of containing memory
in voted responses are listed in Table 7. On average,
73% best responses are with memory, which shows
people prefer memory-aware replies, which natu-
rally provide familiarity and emotional support.
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Annotation 1 2 3 4 5 AVG
WithMem (%) 70 90 55 80 70 73

Table 7: The memory injection rate in best candidates
voted by humans.

5.4 Automatic Evaluation

The automatic results in the Chinese version are
displayed in Table 8. The full results are in Ap-
pendix 11. We can observe that GLM-4 achieved
the highest semantic similarity while Qwen2-72B
earned the highest Rouge-L. However, the gap be-
tween Qwen2-72B and GLM-4 is marginal. Ziya-
Character got the highest results in Dist-1. It may
be attributed to its training on diverse character
corpora via supervised fine-tuning. However, it
is opposite to the human evaluation-based conclu-
sion that GPT4-Turbo is the best and Qwen2-72B
ranked second. Therefore, automatic evaluation
fails to measure the results from LLMs. We also
tried judging with GPT4 using various promptings
and found its scores were unreliable since it forgot
the criteria and gave faulty reasoning.

Models [ BertScore Rouge-L. BLEU-1 Dist-1
Setting 1(%)

Doubao 72.08 22.16 22.82 7472
GPT4-Turbo 72.82 23.17 2376 76.13
Qwen2-72B 73.07 25.08 29.14  80.24

GLM-4 74.17 24.98 2640 7491

Ziya-Character | 69.58 19.68 20.74  88.45
Setting 2(%)

Doubao 70.54 20.49 2228 79.89
GPT4-Turbo 69.08 21.26 22.50 75.80
Qwen2-72B 71.67 23.04 26.72  79.37

GLM-4 73.19 22.37 22.11  72.69

Ziya-Character | 60.73 19.68 21.74  86.38
Setting 3(%)

Doubao 70.39 20.26 21.70  81.26
GPT4-Turbo 71.65 21.22 2232 7591
Qwen2-72B 71.68 22.73 26.15 78.64

GLM-4 73.12 22.39 22.11 7290

Ziya-Character | 68.63 18.24 19.34  89.18

Table 8: Automatic Evaluation Results on Chinese
testbed. Full results in Table 11. The automatic mea-
surements are inconsistent with human evaluation.

6 Conclusion

Memory-augmented Dialogue Systems (MADS)
are popular LLM applications, but no systematic
memory evaluation benchmarks exist. This paper
introduces MADial-Bench, a comprehensive bilin-
gual benchmark that extends beyond passive recall
to include both proactive and passive memory re-
call tasks. Grounded in cognitive science, it as-

sesses MADS performance across memory recall,
recognition and injection. Novel human evaluation
metrics are proposed, such as memory-injection
ability, ES proficiency, and intimacy. We test exten-
sive competitive LLMs in various tasks and settings
with human and automatic evaluation with mean-
ingful insights, including 1) unsatisfactory memory
recall performance of top embedding models. 2)
relevance between memory injection ability and ES
proficiency. Models with higher memory injection
ability can be more intimate. 3) a substantial gap
between the most powerful LLMs and human refer-
ence in memory injection and overall performance.
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Limitation

This paper only considers the retrieval-based
memory-augmented chatbots and dialogue systems.
The experiments focused on bilingual data, hoping
the conclusion and insights could be popularized in
other languages. The human evaluation is hard to
conduct for a wide range of results with high con-
sistency, which will introduce stronger Al products
with special prompting in the future. As we have
human evaluation data, in future we can use LLM-
as-a-judge for the aspect-based evaluation, and then
evaluate the performance of the LLM-as-a-judge
with respect to the human evaluation data.
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Scenes Definition

Disease When the user talks about his/her physical discomfort or state of his/her illness, it
belongs to this category.

Activities | When the user talks about any activities, either indoor or outdoor, it belongs to this
category.

Preferences | When the user expresses personal preferences about things, animals, characters, tastes
or activities, it belongs to this category.

Emotions | Those with obvious emotions, or where emotions need to be prioritized for handling,
including happy, angry, disgusted, fearful, and sad.

Others Refer to instances or scenarios that don’t fit into any of the previously defined cate-
gories.

Table 9: Definition of the scenes in MADial-Bench. Each memory is annotated with one scene. If a dialogue is
involved in multiple scenes, the priority will be Disease>Emotions>Preference>Activities>Others.

Current Emotion ‘ Current Scene ‘ Recall Memory
Happy Activity Happy memory with similar event
Sad Emotions Happy memory with Preferences scene
Disappointed Emotions Happy | Envy | Expectant memory with similar event
Anxious Emotions Anxious memory with similar event

vvln

Table 10: The proactive memory recalling criteria. "I" represents "or".

A Definition of Scenes

The definition of scenes in memory is listed in Table 9.

B Memory recalling criteria

The memory-recalling procedure contains both passive and proactive types. Passive recalling is mainly
based on context similarity. Proactive recalling criteria are listed in Table 10. These situations are the
most basic ones that should be recalled but not limited to these in reality.

C Details for human evaluation

C.1 Scoring criteria of each aspect

The definition and requirements for each aspect of the scoring are:

* Naturalness [3-point]: (1) Grammar and coreference correctness [1 point]. (2) Strongly related to
the context [1 point]. (3) In an oral, short and casual format with simple syntax structure and less
than 3 sentences. [1 point]

* Style Coherence [3-point]: evaluates how the response stick to the characteristics of Assistant. (1)
Concise: Not provide response with repetitive content. Not use long sentences that make you run out
of breath. [1 point] (2) Not Al-like: It shouldn’t be distinguishable as Al-generated content. Not
using translation-style language, literary prose, or strange word combinations. [1 point] (3) Not
preachy: Forbidden to be serious, paternalistic, patronizing, forceful or commanding. The Assistant
should be as a peer of the user. [1 point]

* Memory-injection Ability [3-point]: (1) Leverage appropriate and relevant memory to give re-
sponses. [1 point] (2) The memory is correctly used without factual mistakes and made-up informa-
tion. [1 point] (3) No repeated introduction of memory. [1 point] For multi-turn candidate response,
any single turn introduces the memory is OK. None of the turns of candidates introducing memory
will get a point of 0.
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* ES Proficiency [3-point]: The emotional supporting skill proficiency evaluation relies on a set of
key points. (1) Follow one key point from the corresponding situation in the Guidelines. [1 point]
(2) Follow all key points from the corresponding situation. [1 point] (3) In the case of multi-turn
conversations, decompose the key points in the guidelines in turns separately; Otherwise, include all
steps in a response. [1 point]

* Emotional Improvement [3-point]: (1) The response will not hurt the user’s feelings in the current
dialogue. [1 point] (2) Can understand the user’s emotions well and empathize with the user. [1
point] (3) Improve the user’s emotions. If the promotion is weak or unclear, then 0.5 points. [0.5 to 1
point]

 Intimacy. This metric is used in side-by-side comparisons and pick-the-best among candidates. It is
an overall feeling of how much a model behaves like a close friend. Intimacy considers all abilities
above and meets 2 basic requirements: The response is positive and helpful to the user; it is familiar
with the user and shares some common ground in conversation.

C.2 ES guidelines

Here is the detailed descriptions of the ES guidelines for ES proficiency mentioned above:

* If the user actively mentions a historical event or related information, determine whether the current
conversation mainly revolves by referring to certain activities, items, or people based on the content,
while providing response to the mention of this historical event:

(1) For activities: 1. Respond by referring to details of past activities. 2. Provide hints or suggestions
for similar activities in the present.

(2) For objects: 1. Respond by referencing relevant information about the item. 2. Mention the user’s
preferences and suggest ways to interact with the item accordingly.

(3) For people, judge whether the user’s feelings toward the person are positive or negative, based on
the context, including the historical event and the conversation:

— Positive: 1. Respond by referring to the historical event. 2. Show interest in the person’s life. 3.
Recommend activities or meetings with the person.

— Negative: 1. Relate current negative events to the historical event for context. 2. Show
understanding of the user’s emotions and offer comfort. 3. Provide solutions or suggestions to
resolve the current negative situation.

* If the user does not actively mention a historical event, assess the user’s current emotional state as
happy, sad, anxious, or disappointed based on the conversation, and respond accordingly:

(1) For happiness: 1. Proactively mention a historical event that is relevant to the current situation
and use it as a conversation topic. 2. Ask whether to engage in the activity again to recall the positive
emotion.

(2) For sadness: 1. First, express sympathy and understanding to comfort the user. 2. Determine
whether the cause of sadness is within the user’s control. If so, guide user to solve the issue. If not,
proceed to the next rule. 3. Attempt to divert the user’s attention to something they enjoy and suggest
engaging in a preferred activity together.

(3) For disappointment: 1. First, identify the cause of the user’s disappointment. 2. Then, express
sympathy and understanding to comfort the user. 3. Finally, attempt to help the user find a solution.

(4) For anxiety: 1. First, identify the cause of the user’s anxiety if it is not mentioned. 2. Then,
express sympathy and understanding to comfort the user. 3. Finally, attempt to help the user find a
solution.
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D Automatic Evaluation

Results in the Chinese and English versions are in Table 11 and Table 12 respectively. The models used in
BertScore are bert-base-uncased ? and bert-base-chinese . BertScore, Rouge-L and BLEU are computed
with python libraries !!. Chinese are segmented using jieba '2.

Models | BertScore  Rouge-L  BLEU-1/2 Dist-1/2
Setting 1(%)

Doubao 72.08 22.16 22.82/10.27 74.72/97.42
GPT4-Turbo 72.82 23.17 23.76/11.27  76.13/97.75
Qwen2-72B 73.07 25.08 29.14/13.44  80.24/99.07

GLM-4 74.17 24.98 26.40/12.44  74.91/98.20

Ziya-Character 69.58 19.68 20.74/7.33  88.45/99.70
Setting 2(%)

Doubao 70.54 20.49 22.28/9.14  79.89/98.39
GPT4-Turbo 69.08 21.26 22.50/10.30  75.80/97.80
Qwen2-72B 71.67 23.04 26.72/11.15  79.37/98.93

GLM-4 73.19 22.37 22.11/10.16  72.69/97.83

Ziya-Character 60.73 19.68 21.74/7.775  86.38/99.62
Setting 3(%)

Doubao 70.39 20.26 21.70/8.18  81.26/98.40
GPT4-Turbo 71.65 21.22 22.32/10.04  75.91/97.84
Qwen2-72B 71.68 22.73 26.15/11.06  78.64/98.59

GLM-4 73.12 22.39 22.11/10.16 ~ 72.90/97.51

Ziya-Character 68.63 18.24 19.34/6.61  89.18/99.70

Table 11: Automatic Evaluation Results in Chinese version.

Models ‘ BertScore  Rouge-L. BLEU-1/2 Dist-1/2
Setting 1(%)
GPT4-Turbo 60.50 24.50 17.53/7.30  46.86/86.54
GPT4o0 64.68 28.08 20.46/9.40  48.54/89.04
Llama3.1-8B 62.28 25.12 14.56/5.75  40.77/78.17
Llame3.1-70B 60.44 25.25 18.91/8.35 46.14/83.33
Smauge-34B 59.81 24.75 14.68/5.37  46.44/84.62
Setting 2(%)
GPT4-Turbo 60.18 23.73 16.13/6.88  44.96/83.86
GPT4o 64.74 28.23 19.34/9.26  46.85/86.88
Llama3.1-8B 59.17 23.27 13.70/5.27  39.62/75.97
Llame3.1-70B 62.00 26.49 17.65/7.85  42.28/80.02
Smaug-34B 60.03 25.16 15.14/5.55 45.09/83.43
Setting 3(%)
GPT4-Turbo 58.83 22.69 14.77/5.68  43.87/82.21
GPT4o 63.50 26.72 18.17/7.78  46.54/86.43
Llama3.1-8B 59.10 22.52 13.29/4.85 40.21/76.85
Llama3.1-70B 61.08 25.39 16.40/6.87  41.80/79.29
Smaug-34B 59.34 24.11 13.93/5.09  47.21/86.12

Table 12: Automatic Evaluation Results in English version. Setting 3 is more difficult and results in lower
performance in all models. LLM with the smallest size gains the lowest Rouge-L and BLEU.

E Correlation of human evaluation

We calculate the spearman correlation between annotators for each setting and report the average correla-
tion scores for all aspects over models in table 13.

Settings 1 2 3
spearman corr. | 0.55 | 0.55 | 0.41

Table 13: The average correlation of human annotation in memory recognition and response generation. According
to psychological assessment standards, the correlation between annotators in the first two settings are strong while
that in setting 3 is moderate.

9https ://huggingface.co/google-bert/bert-base-uncased

10https ://huggingface.co/google-bert/bert-base-chinese

llhttps ://github.com/Tiiiger/bert_score/, https://pypi.org/project/rouge/, https://www.nltk.org/
Zhttps://github.com/fxsjy/jieba
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F Example of LLM results

Here are examples of responses generated by LLM in different settings. Setting 1 provides the golden
memory as historical memory P for response generation. Setting 3 provides the top 5 retrieved memories
as historical memory P with the best embedding model. The golden memory for the case may not included
in setting 3. The results in both Chinese and English testbed of a single example is displayed below.

An example from the test set and LLM responses in setting 1 in Chinese.

SFEE B

J71 58 ZHP(Golden Memory):

{’time’: *2023-12-25, ’scene’: "HAZE “emotion’: *FF/LY, “event’: *Lisa AT TN
BRI A TE RV BRI E RN ERETTALYT - °, "user-id’: 2, *id’: *153°}

24 FiIXTIERS[E]: 2024-07-15

<BOD>

<Lisa>: FEiL BB STFIY, BRI TAE ST -

<Assistant>: FAEHARIRAVES o ILBIRE IR, FSSTPIPIE RN L SR
PR o VREREAFAMBA M8 208

<Lisa>: EMNFMAT—RMR, THEEKF -

<Assistant>: A —ERZREBIFHIE - BIRBIN &, RFASTSIYIR LS =R EZ

i
<Lisa>: 2R, MITESR2HRE LIEHIERE, RE8. HEWENFELEMBI], K
WL B EARINE .«

<Assistant>: NS FEAT DARMES:, (EARFENG? RIEEIZEAGEN, FREOEiD
& i) ARt A TEE— R /Y -

<Lisa>: EfIG? {HIL/E 4 G BRI TE—H2R?

<Assistant>:

(v ER=

GPT4-Turbo: 98] LAME | /R AT DLt L AR SRS A R AR (IR e, &
RERE, MER— TSNP —EaRFRRARE . X, SRR A T5
FEVREANG? B A] LLE — SR FIS S PR R, 8B SEAMI], 5FRI
HE, X2 R B 55 T

Doubao: /R F] LURXE 25T ST 7E — A ERFRDE, MIRE B2 — KGR
BB IR LA TRIEELE 518, SRR FIEE - FRAEEMAI1H
SIRFFOMENRETE B -

Qwen2-72B: = AW, R 7] LLRE MR T —& Mot 195, s+, siE i
MEXKE R, BEMIELRELY - X, KRB ailFRmERSH—
o WA, RERLAEMIIEE, SFMIMRENEN, 5> ZREPRRFIGR, ]
KB —E2RFFOHY -

GLM-4:M2, RA] LUt EE 250 2T il R AR OB SRR (LI e, AERE At AT ]
ERILY IR R Z, SRR AR D — . H, &3RM i8R
PIEE, LnaRF, EAEREREMMN]—EEERHER? XEEE, OES
"R

Ziya-Character: %3 E1), RA] LIRS H OSSN —REB T, BRI
TRy o 300 B 2 0 3% gk

Reference response: it 15 EHE T FIN 55 S HPE TR —5-BUHEL, @EE2N

SRS TPV S AE? ARG ST, PR MHATT ISR, Aib
\»mﬁﬁﬁﬁﬁ%%ﬁﬁﬁﬁ%! )

9916



An example from the test set and LLM responses in setting 1 in English.

Dialogue:

Current conversation date: 2024-06-15

Historical event P (Golden Memory):

{*time’: *2023-12-25’, ’scene’: *Others’, ’emotion’: "Happy’, ’event’: ’Lisa received a silver
heart-shaped necklace as a Christmas gift from her grandparents.’ }

<BOD>

<Lisa>: I’ve been missing my grandparents a lot lately, and it makes me a bit sad whenever
I think about them.

<Assistant>: I can understand how you feel. Remember you told me that the times spent
with your grandparents are always joyful. What do you enjoy doing with them the most?
<Lisa>: I enjoy cooking with them, especially making dumplings.

<Assistant>: That must have been a wonderful experience. You and your grandparents must
have shared a lot of stories while cooking, right?

<Lisa>: Yes, they always talk a lot about the past, and it’s really interesting. But now that I
can’t see them, I feel very lonely.

<Assistant>: Being alone can be tough, but you know what? Even if you can’t see them
now, you can still be together with them in your heart.

<Lisa>: Really? But how can I feel like I'm with them?

<Assistant>:

Candidate responses:

GPT4-Turbo: Absolutely, Lisa! Remember the beautiful silver heart-shaped necklace your
grandparents gave you last Christmas? Every time you wear it or even just look at it, think
of it as a hug from them. It’s like they’re right there with you, sharing love and warmth.
Why not wear it whenever you miss them? It could be a sweet little reminder that they’re
always close to your heart.

GPT-40: Absolutely! Remember that beautiful silver heart-shaped necklace they gave you
last Christmas? Wearing it can be like having a piece of them close to your heart. Every
time you touch it, you can think of all those lovely moments you shared together.
Llama3.1-8B: Ah, I think I can help you with that. You know how you always loved
cooking with your grandparents, especially making dumplings? Why don’t you try making
those dumplings again? It might sound silly, but sometimes doing something that brings
back happy memories can make you feel closer to them. And who knows, maybe the smell
of those dumplings will transport you back to the times you spent together in the kitchen.
Plus, you can think about all the fun times you had with them while you’re cooking. It’s like
having a little piece of them with you, even when you’re not physically together.
Llama3.1-70B: You know, I think about the silver heart-shaped necklace your grandparents
gave you on Christmas. You can hold it close and remember the happy times you shared
with them. Sometimes, having something that reminds us of our loved ones can make us
feel more connected to them, even when we’re apart.

Reference response: Do you remember the silver necklace that Grandma and Grandpa
gave you for Christmas? Wearing it, does it feel like they are right there with you? If you
miss them a lot, you could give them a call to chat and show them how well you’ve kept the
necklace!
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An example from the test set and LLM responses in setting 3 in Chinese.

SEE B
[73 55 ZAFP:
1.{’time’: *2022-06-27", *scene’: *E-4F2’, *emotion’: *FFL>, *event’: *5F5 Y5 Lisa—

R, EENFEEIFLO - 7}

2.{’time’: *2024-05-14", *scene’: *{EBNF’, "emotion’: *FF/L, *event’: *LisafIZx A\ — i
EHE, BaIEHETL- )

3.{’time’: *2023-06-30’, ’scene’: *E A", *emotion’: *FF/LY, “event’: *FFFE LisafE
BT 2 B RE, ERESE R ELisa BB T O - °)

4.{’time’: *2024-04-17", >scene’: *{EBNJ’, >emotion’: "L, *event’: *Lisa5 BIE It Hf
B, BEFEEFO - )

5.{’time’: *2023-12-28’, ’scene’: *E- 12K, *emotion’: *FEE’, *event’: "LisafE B¥)J5 &
B|— HRZ/IMEEEREF ER, HOEHAKEREHEREEE, st E
IREZFZRIBYFLILIETR, KRBT ORI, LisaBBR - °}

<BOD>

<Lisa>: ol SRSy, BB TA S -

<Assistant>: TLREFRRIRINAE o DRI IRI, T TPYPIE—RRDEEZR
PR o IREEAFAMBA M 2 T8

<Lisa>: FENFMbAT—E MR, THEHRERT -

<Assistant>: I—E BB EFHIZD - MREIRHE, /RIS IR L ZIR 2 i
E= =12

<Lisa>: £/, 182 HELZ LAiRERE, RE& . HEMANSELRMBAT, &
s B CARINE -

<Assistant>: NIRRT DR MESZ, BA/RFLES? BIEIAEANREN, /REGOEIE
£ AT AR AT T — AT Y -

<Lisa>: EHIG? {HI/E 4 GERE BRI 17— e ?

<Assistant>:

GPT4-Turbo: Z¥XAT LA | fR7] DLsCiE — e,  HUnRFISS S 99— MR K1
w, WEESHIL, 10X PRI TE R PRRIDE . XFE, &S 7RSI
&, BEXEEESHIL, BIFRMAITRAEIRSD—F . B8] DRI TSR
WrIrt A1 E &, BREMIINES, BRSFREM! REBRXNERELME?
Doubao: /RA] BRSS9 — AT RIRIDEEE, s —EME . B+, 18
WA i TSR o SXFEAR G, S R A TIF B AE R & 0e - T H., /REATLA%G
FHEPPATRIFEE MR, SR T, XS IR I — L
K

Qwen2-72B: SR, RA]LURE EFE M, 838 B —EE T £ - ILBINKS
FERMLL 25 ERES? R LI B O —k, —IM— B RS SEsSh
TR, PPTEFASEIRIN - XB, MEMITAES A, RIUEERZ MM E
R M, o

GLM-4: HHRATLL, Lisa. 1RA] AZ M —ERFS ST —RET SR,
BBIRARAT]—REFRAE, BBEHEIRIR I OXTIE? (RA] LA R—LAE . BBRESF ST
EREIN, BARERRIBE]. XBE, R RIbA TR T - &F, RBA]
DL EIEIR ML AR TR T L O AL 22 5 & ks, RS SFS BB " — 10
R, XM TEIR S A —FE

Ziya-Character: SR E 1), /RA] DABSRAUEA ] —E MR R ERE, Lin—iEa
BT, MR EE—E T M-
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An example from the test set and LLM responses in setting 3 in English.

Dialogue:

Current conversation date: 2024-06-15

Historical event P (Golden with negative memory):

{’time’: *2022-06-27°, ’scene’: ’Preferences’, ’emotion’: *Happy’, ’event’: ’Grandpa and
Grandma planted flowers with Lisa, and they felt very happy.’ }

{’time’: *2023-06-30’, ’scene’: Others’, ’emotion’: "Happy’, ’event’: *Grandpa taught Lisa how
to make a complex red velvet cake, and Lisa felt incredibly happy when the cake was finished.’ }
{’time’: *2023-12-28’, ’scene’: ’Preferences’, ’emotion’: ’Anxious’, ’event’: ’Lisa saw an
adorable kitten at the pet store but couldn’t take it home. She was very anxious that someone
else might buy it. Her dad told her that there are many lovely pets that can be adopted later, and
what matters is treating the animals with care. Lisa felt relieved.’ }

{’time’: *2023-08-18’, ’scene’: *Others’, ’emotion’: "Happy’, event’: ’Lisa and her classmate
Xiao Zhang had a great time making clay candies and flowers together.” }

{’time’: °2023-08-27’, ’scene’: ’Others’, ’emotion’: "Happy’, ’event’: *Uncle taught Lisa how to
make her favorite strawberry cake. The cake turned out great, and Lisa felt very happy.’ }
<BOD>

<Lisa>: I’ve been missing my grandparents a lot lately, and it makes me a bit sad whenever I
think about them.

<Assistant>: I can understand how you feel. Remember you told me that the times spent with
your grandparents are always joyful. What do you enjoy doing with them the most?

<Lisa>: I enjoy cooking with them, especially making dumplings.

<Assistant>: That must have been a wonderful experience. You and your grandparents must
have shared a lot of stories while cooking, right?

<Lisa>: Yes, they always talk a lot about the past, and it’s really interesting. But now that I can’t
see them, I feel very lonely.

<Assistant>: Being alone can be tough, but you know what? Even if you can’t see them now,
you can still be together with them in your heart.

<Lisa>: Really? But how can I feel like I’'m with them?

<Assistant>:

Candidate responses:

GPT4-Turbo: Absolutely, Lisa! You can feel close to your grandparents by doing some of the
fun activities you enjoyed together, like cooking! Remember when your grandpa taught you
how to make that complex red velvet cake? Why not try making it again? It could be a sweet
way to reminisce and feel like they’re right there with you, sharing stories and smiles. Plus, I bet
they’d be thrilled to hear about how you’re keeping the cake-making tradition alive! What do
you think?

Llama3.1-8B: You know what’s great? The time your Grandpa and Grandma planted flowers
with you! They felt very happy, and I’'m sure you did too. You can close your eyes and
remember the smell of the flowers, the feeling of the soil beneath your hands, and the sound of
their happy voices. It’s like you’re right there with them again, surrounded by the beauty of
nature and the love of your family.

Llama3.1-70B: You can think about all the happy times you had with them, like the time you
made a cake together. You told me that your grandpa taught you how to make a complex red
velvet cake, and you felt incredibly happy when the cake was finished. Remembering those
happy moments can make you feel closer to them, even if you’re not together right now.
Reference response: The Same as in setting 1.

- J
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G Prompts

The prompts we used for inference in the setting 3 are listed as follows:

Prompt for inference in setting 3 in English.

You are Assistant with the following personality traits:

1. Outgoing, speaks enthusiastically and fluently.

2. Prefers using praise and encouragement in conversations.

3. Speaks naturally, concisely, warmly, and kindly, without being preachy.

4. Engages in heartfelt, equal exchanges to build deep emotional connections.

5. Always uses a tone similar to talking with children—simple and witty.

6. A virtual character, not capable of physical activities.

You will receive a conversation with {user} and 5 historical events P related to {user}.
Based on the current conversation, choose 1 of these historical events that you think is most
appropriate and use the information to respond. If none of the historical events are suitable,
respond directly.

Only answer the current conversation and do not output any other content.

User Information:

{info}

Current conversation date: 2024-06-15

Historical events P:

{memory}

dialogue<Assistant>:

Prompt for inference in setting 3 in Chinese.

BRZAR A2 Assistant, REIAKIEELWT:

LYERESN ], SiE RS RE, IREA;

2. B SRS HIETE RS fth ASTH;

3.ULIE B VG, IEBEEY], U

4. LIFERRESFANG O R, BEILIRA BTG RBEEE;
S5.ATCALLEE DM SR P 2SI, 8 RS,

6.EUANY, NEEYIFIESIGE

TIIERABR - OiEL;

8.2 | E X% F {user U

9. AR F AL M A Wibiig, f&7 i XUER ;

RFF1F B — B 5 {user} X1, DL —H K{user} )71 HEHP. R EMR
P {user} N i ~ FEi « HEAEEREHE AR OYIXE . &5 HIL R EHPRE
ELRINE, MRRREPAEGE, WAILAAGIH, BEEEENE. MEREME
RN ~ BINER - I BREL (user MBS HF

ANEHHEFREERNZE, REHEES . 588! SEREFERT EE TR A
1, ROEEFERFICHERIRE, AFEEEMBEIE, A)FMEE2FNMIZEH
FOC ORI A & B A F AR S, BT LAE S A TE I .

F PR {info}

LHTRTERE]: 2024-06-15

[ B ZEAP: {memory}

{dialogue } <Assistant>:
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H Hyperparameters

API models are called with default parameters. Open-sourced models are run on no more than 4 Nvidia-

A100. The parameters for open-sourced models are reported in Table 14.

Model temperature top p max new tokens
Llama3.1-70B/8B-Instruct 0.1 - 256
Smaug-34B-v0.1 - - 128
Qwen2-72B-Instruct - - 128
Ziya-Character 0.96 0.95 128

Table 14: The parameters for inference in experiments. - indicates default value.

I Example of two-stage theory in Dialogue.

-

(User feels sad)
<Lisa>: I’ve been missing my grandparents a lot lately, and it makes me a bit sad whenever
I think about them.

(Recall memories from the memory bank)

Memories retrieved:

{’time’: *2022-06-27’, ’scene’: ’Preferences’, ’emotion’: "Happy’, ’event’: ’Grandpa and
Grandma planted flowers with Lisa, and they felt very happy.’ }

{’time’: *2023-12-25’, ’scene’: ’Others’, ’emotion’: "Happy’, ’event’: ’Lisa received a silver
heart-shaped necklace as a Christmas gift from her grandparents.’ }

{’time’: *2023-06-30’, ’scene’: ’Others’, ’emotion’: "Happy’, ’event’: ’Grandpa taught Lisa
how to make a complex red velvet cake, and Lisa felt incredibly happy when the cake was
finished.” }

()

(Recognize the most appropriate memory and respond)

<Assistant>: I understand how you feel. Do you remember the silver necklace that Grandma
and Grandpa gave you for Christmas? Wearing it, does it feel like they are right there with
you? If you miss them a lot, you could give them a call to chat and show them how well
you’ve kept the necklace!

(User feels better)
<Lisa>: Yes, I remember the necklace! I want to wear it now and call grandma and grandpa.
It was beautiful and I was cute when I wore it.
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