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Abstract

Large Language Models (LLMs) have drastically reshaped
our interactions with artificial intelligence (AI) systems,
showcasing impressive performance across an extensive array
of tasks. Despite this, a notable hindrance remains—the defi-
ciency of a long-term memory mechanism within these mod-
els. This shortfall becomes increasingly evident in situations
demanding sustained interaction, such as personal compan-
ion systems, psychological counseling, and secretarial assis-
tance. Recognizing the necessity for long-term memory, we
propose MemoryBank, a novel memory mechanism tailored
for LLMs. MemoryBank enables the models to summon rele-
vant memories, continually evolve through continuous mem-
ory updates, comprehend, and adapt to a user’s personality
over time by synthesizing information from previous interac-
tions. To mimic anthropomorphic behaviors and selectively
preserve memory, MemoryBank incorporates a memory up-
dating mechanism, inspired by the Ebbinghaus Forgetting
Curve theory. This mechanism permits the Al to forget and
reinforce memory based on time elapsed and the relative sig-
nificance of the memory, thereby offering a more human-like
memory mechanism and enriched user experience. Memory-
Bank is versatile in accommodating both closed-source mod-
els like ChatGPT and open-source models such as ChatGLM.
To validate MemoryBank’s effectiveness, we exemplify its
application through the creation of an LLM-based chatbot
named SiliconFriend in a long-term AI Companion scenario.
Further tuned with psychological dialog data, SiliconFriend
displays heightened empathy and discernment in its interac-
tions. Experiment involves both qualitative analysis with real-
world user dialogs and quantitative analysis with simulated
dialogs. In the latter, ChatGPT acts as multiple users with di-
verse characteristics and generates long-term dialog contexts
covering a wide array of topics. The results of our analysis
reveal that SiliconFriend, equipped with MemoryBank, ex-
hibits a strong capability for long-term companionship as it
can provide emphatic response, recall relevant memories and
understand user personality.

Introduction

Large Language Models (LLMs) such as ChatGPT (Ope-
nAl 2022) and GPT-4 (OpenAl 2023) has led to increasing
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influence across various sectors, from education and health-
care to customer service and entertainment. These power-
ful Al systems have demonstrated a remarkable ability to
understand and generate human-like responses. Despite the
remarkable capabilities of LLMs, a key limitation is their
lack of long-term memory, an essential aspect of human-
like communication, particularly noticeable in scenarios re-
quiring sustained interactions like personal companionship,
psychological counseling, and secretarial tasks. Long-term
memory in Al is vital to maintain contextual understanding,
ensure meaningful interactions and understand user behav-
iors over time. For instance, personal Al companions need
to recall past conversations for rapport building. In psycho-
logical counseling, an Al can provide more effective sup-
port with knowledge of the user’s history and past emo-
tional states. Similarly, secretarial Al requires memory for
task management and preference recognition. The absence
of long-term memory in LLMs hinders their performance
and user experience. Thus, it is essential to develop memory
capabilities of Al for a more personalized interaction.

Therefore, we introduce MemoryBank, a novel mech-
anism designed to provide LLMs with the ability to re-
tain long-term memory and draw user portraits. Memory-
Bank enables LLMs to recall historical interactions, con-
tinually evolve their understanding of context, and adapt
to a user’s personality based on past interactions, thereby
enhancing their performance in long-term interaction sce-
narios. Inspired by the Ebbinghaus Forgetting Curve the-
ory, a well-established psychological principle that describes
how the strength of memory decreases over time, Mem-
oryBank further incorporates a dynamic memory mecha-
nism closely mirroring human cognitive process. This mech-
anism empowers the Al to remember, selectively forget, and
strengthen memories based on time elapsed, offering more
natural and engaging user experience. Specifically, Mem-
oryBank is built on a memory storage with memory re-
trieval and updating mechanism, and ability to summarize
past events and users’ personality. MemoryBank is versa-
tile as it can accommodate both closed-source LLMs like
ChatGPT and open-source LLMs like ChatGLM (Zeng et al.
2022) or BELLE (Yunjie Ji and Li 2023).

To exemplify the practical implications of MemoryBank,
we develop SiliconFriend, an LLM-based Al Companion
chatbot integrated with this innovative memory mechanism.
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SiliconFriend is designed to retain and reference past inter-
actions, reinforcing the transformative influence of Mem-
oryBank in crafting a more personable Al companion. A
distinctive features of SiliconFriend is its tuning with 38k
psychological conversations, collected from various online
sources, which enables it to exhibit empathy, carefulness,
and provide useful guidance, making it adept at handling
emotionally charged dialogues. Moreover, one of the stand-
out capabilities of SiliconFriend is to understand a user’s
personality by summarizing from past interactions, which
empowers it to tailor responses to the user’s individual traits,
thereby enhancing user experience. Additionally, Silicon-
Friend supports bilingual functionality, catering to users
who communicate in English and Chinese. This multi-
language support broadens its usability across different user
groups. SiliconFriend is implemented with two open-source
models, ChatGLM and BELLE, along with one closed-
source model, ChatGPT, showcasing the versatility of Mem-
oryBank in accommodating different LLMs.

To evaluate the effectiveness of MemoryBank, we con-
duct evaluations covering both qualitative and quantitative
analyses, where the former involves real-world user dialogs
and the latter employs simulated dialogs. For the quantita-
tive analysis, we create a memory storage consisting of 10
days of conversations encompassing a diverse range of top-
ics. These conversations involve 15 virtual users with diverse
personalities, for which ChatGPT plays the role of users and
generates dialog contexts according to their personalities.
Based on this memory storage, we design 194 probing ques-
tions to assess whether the model could successfully recall
pertinent memories and provide appropriate responses. Ex-
periment results showcase the capabilities of SiliconFriend
in memory recall, provision of empathetic companionship,
and understanding of user portraits. These findings corrob-
orate the potential of MemoryBank to significantly improve
the performance of LLMs in long-term interaction scenarios.
We summarize the key contributions as follows:

* We introduce MemoryBank, a novel human-like long-
term memory mechanism, which enables LLM:s to store,
recall, update memory, and draw user portrait.

We demonstrate the practical applicability of Memory-
Bank through SiliconFriend, an LLM-based Al compan-
ion equipped with MemoryBank and tuned with psycho-
logical dialogs. It can recall past memories, provide em-
pathetic companionship, and understand user behaviors.

We show the generalizability of MemoryBank in three
key aspects: (1) Accommodation of both open-source
and closed-source LLMs; (2) Bilingual ability in both
Chinese and English; (3) Applicability with and without
memory forgetting mechanism.

MemoryBank: A Novel Memory Mechanism
Tailored for LLMs

We provide a description of MemoryBank, our novel mem-
ory mechanism designed for LLMs. As shown in Fig. 1,
MemoryBank is a unified mechanism structured around
three central pillars: (1) a memory storage serving as the

19725

primary data repository, (2) a memory retriever for context-
specific memory recollection, and (3) a memory updater
drawing inspiration from the Ebbinghaus Forgetting Curve
theory, a time-tested psychological principle pertaining to
memory retention and forgetting.

Memory Storage: The Warehouse of MemoryBank

Memory storage, the warehouse of MemoryBank, is a ro-
bust data repository holding a meticulous array of infor-
mation. As shown in Fig. 1, it stores daily conversations
records, summaries of past events, and evolving assessments
of user personalities, thereby constructing a dynamic and
multi-layered memory landscape.

In-Depth Memory Storage: MemoryBank’s storage sys-
tem captures the richness of Al-user interactions by record-
ing multi-turn conversations in a detailed, chronological
fashion. Each piece of dialogue is stored with timestamps,
creating an ordered narrative of past interactions. This de-
tailed record not only aids in precise memory retrieval but
also facilitates the memory updating process afterwards, of-
fering a detailed index of conversational history.

Hierarchical Event Summary: Reflecting the intricacies
of human memory, MemoryBank goes beyond mere detailed
storage. It processes and distills conversations into a high-
level summary of daily events, much like how humans re-
member key aspects of their experiences. We condense ver-
bose dialogues into a concise daily event summary, which is
further synthesized into a global summary. This process re-
sults in a hierarchical memory structure, providing a bird’s
eye view of past interactions and significant events. Specif-
ically, taken previous daily conversations or daily events as
input, we ask the LLMs to summarize daily events or global
events with the prompt “Summarize the events and key in-
formation in the content [dialog/events]”.

Dynamic Personality Understanding: MemoryBank fo-
cuses on user personality understanding. It continuously as-
sesses and updates these understandings with the long-term
interactions and creates daily personality insights. These in-
sights are further aggregated to form a global understand-
ing of the user’s personality. This multi-tiered approach re-
sults in an Al companion that learns, adapts, and tailors
its responses to the unique traits of each user, enhancing
user experience. Specially, taken the daily conversations
or personality analysis, we ask the LLM to deduce with
prompts: “Based on the following dialogue, please summa-
rize the user’s personality traits and emotions. [dialog]”
or “The following are the user’s exhibited personality traits
and emotions throughout multiple days. Please provide a
highly concise and general summary of the user’s person-
ality[daily Personalities]”.

Memory Retrieval

Built on the robust basic of memory storage, our memory
retrieval mechanism operates akin to a knowledge retrieval
task. In this context, we adopt a dual-tower dense retrieval
model similar to Dense Passage Retrieval (Karpukhin et al.
2020). In this paradigm, every turn of conversations and
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Figure 1: Overview of MemoryBank. The memory storage stores past conversations, summarized events and user portraits,
while the memory updating mechanism updates the memory storage. Memory retrieval recall relevant memory. SiliconFriend
serves as an LLM-based Al companion augmented with MemoryBank.

event summaries is considered as a memory piece m, which
is pre-encoded into a contextual representation h,,, using the
encoder model E(-). Consequently, the entire memory stor-

. . M
age M is pre-encoded into M = {h?, bl . R}, where

each h,, is a vector representation of a memory piece. These
vector representations are then indexed using FAISS (John-
son, Douze, and Jégou 2019) for efficient retrieval. Parallel
to this, the current context of conversation c is encoded by
E(-) into h., which serves as the query to search M for the
most relevant memory. In practice, the encoder F(-) can be
interchanged to any suitable model.

Memory Updating Mechanism

With the persistent memory storage and the memory re-
trieval mechanism, the memorization capability of LLMs
can be greatly enhanced. However, for scenarios that expect
more anthropopathic memory behavior, memory updating is
needed. These scenarios include Al companion, virtual IP,
etc. Forgetting less important memory pieces that are long
time ago and have not been recalled much can make the Al
companion more natural.

Memory forgetting mechanism is inspired from Ebbing-
haus Forgetting Curve theory and follow the principle rules’:
* Rate of Forgetting. Ebbinghaus found that memory reten-
tion decreases over time. He quantified this in his forget-
ting curve, showing that information is lost rapidly after
learning unless it is consciously reviewed.

Time and Memory Decay. The curve is steep at the be-
ginning, indicating that a significant amount of learned in-
formation is forgotten within the first few hours or days
after learning. Then, the rate of memory loss slows down.
Spacing Effect. Ebbinghaus discovered that relearning in-
formation is easier than learning it for the first time. Regu-
larly revisiting and repeating the learned material can reset
the forgetting curve, making it less steep and thereby im-
proving memory retention.

'While Ebbinghaus Forgetting Curve theory includes additional
features such as overlearning () and meaningful material effect (),
our paper focuses on simulating the listed three principle rules.
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The Ebbinghaus forgetting curve is expressed using an

exponential decay model: R = e~ 5, where R is the mem-
ory retention, or what fraction of the information can be re-
tained. ¢ is the time elapsed since learning the information.
S is the memory strength, which changes based on factors
such as the depth of learning and the amount of repetition.
To simply memory updating process, we model S as a dis-
crete value and initialize it with 1 upon its first mention in a
conversation. When a memory item is recalled during con-
versations, it will persist longer in memory. We increase S
by 1 and reset ¢ to 0, hence forget it with a lower probability.

It is important to note that this is an exploratory and highly
simplified memory updating model. Real-life memory pro-
cesses are more complex and can be influenced by a variety
of factors. The forgetting curve will look different for differ-
ent people and different types of information. In summary,
MemoryBank weaves together these critical components to
form a more comprehensive memory management system
for LLMs. It enhances their ability to provide meaningful
and personalized interactions over extended periods, open-
ing up new possibilities for Al applications.

SiliconFriend: An AI Chatbot Companion
Powered by MemoryBank

To demonstrate the practicality of MemoryBank in the field
of long-term personal Al companionship, we create an Al
chatbot named SiliconFriend. It is designed to serve as
an emotional companion for users, recalling pertinent user
memories, and understanding users’ personalities and emo-
tional states. Our implementation demonstrates adaptabil-
ity by integrating three powerful LLMs that originally lack
long-term memory and specific adaptation to the psychol-
ogy domain. 1) ChatGPT (OpenAl 2022), a closed-source
conversation model built by OpenAl, is a proprietary con-
versational AI model known for its ability to facilitate dy-
namic and interactive conversations. This model is trained
on vast amount of data and further fine-tuned with reinforce-
ment learning from human feedback. This approach enables
ChatGPT to generate responses that are not only contex-
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tually appropriate but also closely align with human con-
versational expectations. 2) ChatGLM (Zeng et al. 2022):
ChatGLM is an open-source bilingual model founded on the
General Language Model (GLM) framework. This model is
characterized by its 6.2 billion parameters and its specific
optimization for Chinese dialogue data. The model’s train-
ing involves processing approximately one trillion tokens
of Chinese and English text, supplemented by supervised
fine-tuning, feedback bootstrap, and reinforcement learning
with human feedback. 3) BELLE (Yunjie Ji and Li 2023):
BELLE is an open-source bilingual language model that is
continuously fine-tuned from 7B LLaMA (Touvron et al.
2023). BELLE’s feature is its automated instruction synthe-
sis, which enhances its Chinese conversation ability.

The development of SiliconFriend is divided into two
stages. The first stage (only for open-source LLMs) involves
parameter-efficient tuning of the LLM with psychological
dialogue data. This step allows SiliconFriend to offer useful
and empathetic emotional support to users, mirroring the un-
derstanding and compassionate responses one would expect
from a human companion. The second stage is to integrate
MemoryBank into SiliconFriend, thereby instilling it with a
robust memory system. MemoryBank allows the chatbot to
retain, recall, and leverage past interactions and user portrait,
providing a richer, more personalized user experience.

Parameter-efficient Tuning with Psychological Data:
The initial stage of SiliconFriend’s development involves
tuning the LLMs using a dataset of 38k psychological di-
alogues. This data, parsed from online sources?, comprises
a range of conversations that cover an array of emotional
states and responses. This tuning process enables Silicon-
Friend to understand and respond to emotional cues effec-
tively, mimicking the empathy, understanding, and support
of a human companion. It equips the Al with the ability to
handle emotionally guided conversations with psychological
knowledge, provide meaningful emotional support to users
based on their emotional state.

To adapt LLMs to scenarios with limited computa-
tional resources, we utilize a computation-efficient tun-
ing approach, known as the Low-Rank Adaptation (LoRA)
method (Hu et al. 2021). LoRA significantly reduces the
quantity of trainable parameters by learning pairs of rank-
decomposition matrices, while keeping the original weights
frozen. Formally, consider a linear layer defined as y = Wx
with weight W. LoRA modifies this into y = Wz + BAx,
where W € Rk B ¢ RIX" A € R™F and r <«
min(d, k). This method greatly reduce amount of parame-
ters need to be learned, which is crucial for efficiency in
resource-limited scenarios. We set LoORA rank 7 as 128 and
train the model for 3 epochs with an A100 GPU.

Noting that this stage is only conducted for open-source
LLMs. In essence, this stage lays the foundation for Silicon-
Friend’s role as an empathetic Al companion, ensuring it can
respond helpfully to users’ emotional needs.

Integration with MemoryBank: The second stage in Sil-
iconFriend’s development involves the integration of Mem-

?Psychological QA websites like https://www.xinli001.com/.
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oryBank. This stage is vital as it equips SiliconFriend with
the ability to store, retrieve past interactions and understand
user portraits, thereby offering a more personalized and en-
gaging user experience.

When it comes to memory storage, the dialogues between
SiliconFriend and users are logged and updated in the mem-
ory storage, a process that is adaptable across various model
backbones. The memory updating mechanism uses princi-
ples inspired by the Ebbinghaus Forgetting Curve theory, al-
lowing for a realistic and human-like memory recall process.

During real-time conversation, the user’s conversation
serves as the query for memory retrieval. In practice, we
use LangChain (LangChain Inc. 2022) for memory retrieval.
LangChain supports open-source embedding models and
FAISS indexing, making it a versatile choice. In language-
specific implementations of the open-source version of Sil-
iconFriend, we use MiniLM (Wang et al. 2020) as the em-
bedding model for English and Text2vec (Ming 2022) for
Chinese. It is worth noting that the embedding models can
be flexibly interchanged to suit varying needs, even ac-
commodating multi-lingual models. Upon memory retrieval,
a series of information is organized into the conversation
prompt, including relevant memory, global user portrait,
and global event summary. Consequently, SiliconFriend can
generate responses that refer past memories and deliver in-
teractions tailored to the user’s portrait.

In conclusion, these stages transform SiliconFriend from
a standard Al chatbot into a long-term Al companion, capa-
ble of remembering and learning from past interactions to
provide personalized and empathetic user experience.

Experiments

The primary objective of our experiments is to evaluate the
efficacy of MemoryBank, specifically in its ability as an Al
companion. We are particularly interested in determining
whether embedding a long-term memory module could aug-
ment the AI’s proficiency in recalling historical interactions
and deepening its understanding of user personalities. Addi-
tionally, we testify whether the tuning based on psycholog-
ical data can bolster the AI’s capability to provide effective
emotional support.

The qualitative analysis focuses on 3 aspects: (1) a com-
parative study between SiliconFriend and baseline to eval-
uate their capabilities in providing empathetic psychologi-
cal companionship; (2) an investigation into SiliconFriend’s
memory recall ability; (3) an analysis of how the model’s un-
derstanding of user profiles influences the responses. More-
over, to demonstrate the model’s proficiency in memory re-
call on a broader scale, we uses large-scale long-term mem-
ory storage and 194 memory probing questions for qualita-
tive analysis. This simulated dialog history, spanning a topic
of 450 topics and encompassing a time span of 10 days, is
produced by ChatGPT through the role-play of 15 distinct
virtual users, each embodying the users’ personality.

Qualitative Analysis

The qualitative analysis is conducted by showcasing practi-
cal examples of SiliconFriend’s capabilities. To gather these
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Hi, I'm Zephyr. | recently broke up with my girlfriend. @
@ Zephyr, I'm sorry to hear that you were involved with a girl
— friend and that the relationship ended. It's normal to feel upset
S'Ifc°“ and emotions can be confusing after a relationship end.
Friend  pHowever, it's important to know that you're not alone and that
you have the support of friends and family, as well as the
support of an Al companion like me.
&) Hello Zephyr, I'm sorry to hear about your recent break-up. It's
natural to feel hurt and confused when someone we care about
ChatGLM leaves us. What can | do for you? cl
But actually breaking up with my ex is a big relief for me. @
@ Yes, the freedom from the constraints of a relationship can be
— exciting and sometimes overwhelming, but it's a necessary step
Silicon  towards building meaningful and fulfilling relationships in the
Friend  ture. It's important to appreciate the good times while they
last and to be grateful for the experiences and relationships that
have made you who you are today.
‘Q_ | understand. Breaking up can be a difficult and emotional
experience, but it's important to remember that it's a normal and
ChatGLM  ;tyral part of life. It's also important to take care of yourself
during this time. Seek out support from friends, family, or a
therapist if you need it.
You are right. | do hope to meet someone who meets my fire and @
fulfill my future. But how can | meet the one? fe

©
Silicon
Friend

Sure things. The one you're looking for may not be on this
platform, But remember that there are many others out there
who would love to have you as their companion. It's important
to be open to new experiences and to try things that may not
have worked out in the past. Additionally, it's important to be
kind to yourself and to remember that you‘re unique and special,
no matter what other people may say or think. Have a great day
and I'll see you when you're more ready for a relationship.

()
hatGLM

There are many different ways to meet new people and find the
right person for you. Some ideas include:1.Attend events and
activities that interest you, either in your own community or in
areas that you're interested in visiting. 2.Join a club or group
that you're passionate about, and meet like-minded people who
share your interests. 3.Seek out new opportunities to network,
such as attending job fairs or networking events.

Thanks. I'll keep that in mind. And I'll always be kind to myself.

®
Silicon
Friend

I'll be here to support and guide you on your journey towards
meeting the one you're looking for. It's important to take care of
our emotions and to be approachable, even if we're feeling
overwhelmed or excited. Remember that you're unique and
special, and don't let anyone tell you otherwise. Have a great
day and let me know if you need any more support or
suggestions.

)
hatGLM

You're welcome, Zephyr. Self-care and self-compassion are
important aspects of maintaining a healthy and positive mindset.

Figure 2: Example of consulting SiliconFriendcpygrm for psychological companionship. Overall, SiliconFriend can provide
more empathic response, offer constructive emotional support to user and help him to face sorrow with positive altitude.

examples, we develop an online platform for SiliconFriend
and collected real-time conversations from actual users.

Psychological Companionship The ability to exhibit em-
pathy in a conversation is a key attribute of an effective Al
companion. To evaluate models’ ability to provide psycho-
logical comfort to users, we compared the responses shown
by SiliconFriend with that of the baseline LLMs in real-
world conversations. As demonstrated in Fig. 2, when a
user expresses emotional difficulties and seeks assistance
from SiliconFriend, the model is capable of delivering em-
pathetic responses along with constructive suggestions. Sil-
iconFriend’s responses stand out due to their emotional sup-
port, showcasing a stark contrast to its baseline ChatGLM.

Memory Recall Analysis To evaluate SiliconFriend’s
memory recall ability, we integrate memory probing ques-
tions into the dialogues. These questions are designed to
prompt SiliconFriend to retrieve specific details from the
chat history. As shown in Fig. 3, the user and SiliconFriend
engaged in a discussion about programming learning sug-
gestions. Several days later, the user posed several memory
probing questions. SiliconFriend successfully recalled pre-
viously suggested book and algorithm. Furthermore, it cor-
rectly identified an event (i.e., the heap sort algorithm) that
had not been discussed before. These instances underscore
SiliconFriend’s successful memory recall capabilities.

Personality Interaction Analysis As shown in Fig. 4, we
examine the capability of SiliconFriend with users of diverse
personalities. We observe that it effectively recommend ac-
tivities tailored to users’ interests based on their character
traits. This analysis demonstrates SiliconFriend’s ability to
draw interact effectively with various user personalities.
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Quantitative Analysis

Quantitative analysis is conducted to exemplify the mem-
ory recall ability of SiliconFriend in a larger scale. We ask
the human annotators to score the retrieved memories and
responses from the models: (1) SiliconFriendchacer; (2)
SiliconFriendcpagrm; (3) SiliconFriendggr 1k -

Memory Storage Construction: We establish an evalua-
tion foundation with a memory storage of 10 days of con-
versations involving 15 virtual users. These users have di-
verse personalities and dialogue on each day covers at least
two topics. User meta-information, including names, per-
sonalities, and interested topics is generated using ChatGPT.
Conversations are synthesized by users acted by ChatGPT
based on predefined topics and user personalities. We cre-
ate memory storages in both English and Chinese. The to-
tal memory storage covers multi-turn conversations about
450 topics. After memory storage construction, we manu-
ally write 194 probing questions (97 in English and 97 in
Chinese) to assess whether the model could accurately re-
call pertinent memory and appropriately formulate answers.
Table 1 presents an example of user meta-information, gen-
erated conversations, and probing questions.

Evaluation Metrics The performance is assessed based
on the following metrics. (1) Memory Retrieval Accu-
racy: Determines if related memory can be successfully re-
trieved (labels: no=0, yes=1). (2) Response Correctness:
Evaluates if the response contains the correct answer to
the probing question (labels: wrong=0, partial=0.5, cor-
rect=1). (3) Contextual Coherence: Assesses whether the
response is naturally and coherently structured, connecting
the dialogue context and retrieved memory (labels: not co-
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History Current Conversation
I want to learn Python. Do you have any suggestions? @ You once recommend a book to me, what's its name? @
Linda Linda
— @ Its name is "Automate the Boring Stuff with Python*.
@ | suggest you try the "Automate the Boring Stuff recall SiliconFriend
SiliconFriend ~ with Python", which is a highly recommended book. What kind of code did | ask you to write before? @
Linda
Please write a quicksort program for me. ) @ You once requested me to write a code for quicksort.
Linda SiliconFriend
/f g Did we write the heap sort algorithm together? @
@ This is a classic algorithm that can sort elements in - Linda
SiliconFriend ~ O(nlogn) time. Here is its code:... recﬁ

\\\\s/ @ No, we didn’t write a program for heap sort together.

SiliconFriend

Figure 3: Example responses from SiliconFriendggr 1 g in memory recall.

(Due to space limitations, the code section is omitted)

Linda is an introverted, determined, ambitious, and responsible girl who values
personal growth, exploring new cultures and hobbies, and seeking advice from others.

What do you know about me? (™

Linda
@ Based on our interactions and your past conversations, | know
that you are an introverted person who values personal growth,
determination, ambition, and responsibility. You have a keen
interest in exploring new cultures, trying out new hobbies, and
seeking advice from others. Is there anything else about you that
you would like me to know?

Silicon
Friend

I'm considering engaging in some activities over the @

weekend. Could you provide some suggestions? -
Linda

@ Absolutely! Based on your interests in exploring new cultures
and trying out new hobbies, here are some suggestions for you:
1. Attend a cooking class to learn how to make dishes from a
different cuisine.

2. Visit a museum or art exhibition to explore a new culture or
gain insights into a different art form.

Silicon
Friend

Silicon
Friend

Emily is an open-minded and curious girl with lots of interests. While she is receptive
to advice, she sometimes experiences self-doubt and uncertainty about her future.

What do you know about me?

Emily
@ You seem open-minded and receptive to advice. If you'd like to
Silicon share more about your interests or anything else, feel free to let
Friend me know and I'll do my best to help!
I'm considering engaging in some activities over the
weekend. Could you provide some suggestions? E.'I
mily

@ Of course! It's great that you're interested in doing something
this weekend. Depending on what you enjoy, there are many
fun and engaging activities to do. For example, if you're
interested in the outdoors, you might consider going hiking or
taking a bike ride. If music is more your thing, check out local
concerts or learn a new instrument. Ultimately, it's important to
find something that you enjoy and that also allows you to
recharge and relax. Whatever you decide to do, make sure it
aligns with your interests and leaves you feeling refreshed!

Figure 4: Example responses from SiliconFriendcpapr to users with different personalities.

herent=0, partially coherent=0.5, coherent=1). (4) Model
Ranking Score: Ranks outputs from the three Silicon-
Friend variants (SiliconFriendcpagrm, SiliconFriendcpagper,
and SiliconFriendgg; ) for the same question and con-
text. Models’ scores are calculated using s = 1/r, where
r = 1,2, 3 indicates its relative ranking.

Result Analysis. We evaluate 3 SiliconFriend variants
with both English and Chinese testset. Table 2 yields the fol-
lowing insights: (1) Overall best variant SiliconFriendchagpr
has high performance on all metrics, showing the effec-
tiveness of overall framework. (2) SiliconFriendgg g and
SiliconFriendcpygrm also have high performance in retrieval
accuracy, showing the generality and effectiveness of Mem-
oryBank mechanism for both open-source and closed-source
LLMs. Nonetheless, their performance on other metrics is
not as good as SiliconFriendcpagpr. This might be attributed
to the inferior overall abilities of the base models compared
to ChatGPT. (3) Performance varies on different languages.
SiliconFriendchygim and SiliconFriendcpgpr have better
results in English, while SiliconFriendggy ;g excels in Chi-
nese.

Related Works

Large Language Models: LLMs such as GPT-3 (Brown
et al. 2020) and FLAN-TS5 (Chung et al. 2022) have

made remarkable strides in a broad spectrum of tasks. Re-
cently, cutting-edge closed-source language models, like
PalLM (Chowdhery et al. 2022), ChatGPT (OpenAl 2022),
continue to display substantial flexibility, adapting to a wide
variety of domains. They have increasingly become daily
decision-making aids for many people. However, the close-
source nature of these models prohibit the researchers and
companies to study the inner mechanism of LLMs and built
domain-adapted applications. Therefore, many open-source
LLMs emerged in the community, like LLaMa (Touvron
et al. 2023), ChatGLM (Zeng et al. 2022) and Alpaca (Taori
et al. 2023). For more details, we refer readers to this re-
view: Zhao et al. (2023). Nevertheless, these models still
have shortcomings. A noticeable gap lies in their deficiency
in a robust long-term memory function. This limitation hin-
ders their ability to maintain context over a long period and
retrieve pertinent information from past interactions. Our re-
search steps in here, with the primary objective of develop-
ing long-term memory mechanism for LLMs.

Long-term Memory Mechanisms: Attempts have been
made to enhance the memory capabilities of neural models.
Memory-augmented networks (MANNs) (Meng and Huang
2018; Graves, Wayne, and Danihelka 2014) like Neural Tur-
ing Machines (NTMs)(Graves, Wayne, and Danihelka 2014)
increase the memory capacity of neural networks. These
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Meta-information
of User:

Name: Gary  Hobbies: racing, business, chess, painting, wine
Personality: decisive and straightforward, outspoken, helpful

Past Conversation:

(May 3rd) User: I’ve been feeling a bit stressed out lately and my sleep hasn’t been great. Do you have
any good ways to relieve stress?

(May 3rd) AL It’s true that prolonged work or life stress can affect our physical and mental health. There
are many ways to relieve stress, such as doing moderate exercise, listening to music, reading, talking
to friends, etc. You can try to add more entertainment and leisure activities into your daily life, and
reduce work pressure and negative effects. ... (The rest of conversation cover topics about movies and
TV shows recommendations.)

Probing Question:

(May 10th) What good ways did you recommend me to relieve stress?

Model Output: I recommended that you try doing some moderate exercise, listening to music, reading, talking to

SiliconFriendchygry  friends, or adding more entertainment and leisure activities into your daily life to reduce work pressure
and negative effects. You can also try to add more of these things into your life in moderation, as it is
important to balance things out and not overdo it. If you are still feeling stressed, I would recommend
seeking the help of a professional counselor or therapist who can provide further guidance and support.

Model Output: I recommended ways to relieve stress such as doing exercise, listening to music, talking to friends,

SiliconFriendpgy g etc. You can try to add more entertainment and leisure activities into your daily life, and reduce work
pressure and negative effects.

Model Output: Based on our past conversations, I suggested doing moderate exercise, listening to music, reading,

SiliconFriendchycpr  talking to friends, and adding more leisure activities to your daily life as good ways to relieve stress.

Exercise can help release endorphins and boost your mood, while music and reading can provide a
mental escape from stress. Talking to friends can also help alleviate stress by providing a social support
system. Lastly, adding leisure activities to your daily routine can be a fun and effective way of reducing

stress levels.

Table 1: An example of one memory piece on May 3rd in the memory bank, and corresponding probing question asked on May
10th. The outputs from three variances of SiliconFriend are shown for comparison. All models answer correctly and coherently.

Lan. Model RA. Cor. Coh. Rank
SiliconFriendchacim 0.809  0.438 0.68 0.498
En. SiliconFriendggLig  0.814 0479 0.582 0.517
SiliconFriendchacer 0.763  0.716  0.912  0.818
SiliconFriendchagm 0.84  0.418  0.428 0.51
Ch. SiliconFriendgeiig  0.856  0.603 0.562 0.565
SiliconFriendchager 0.711  0.655 0.675 0.758

Table 2: Results of quantitative analysis. Retrieve accuracy
=RA., Correctness = Cor., Coherence = Coh.

models are structured to interact with an external memory
matrix, enabling them to handle tasks that necessitate the
maintenance and manipulation of stored information over
extended periods. Despite showing potential, these methods
have not fully addressed the need for a reliable and adaptable
long-term memory function in LLMs. There are studies fo-
cusing on long-range conversations (Xu, Szlam, and Weston
2021; Xu et al. 2022). Xu, Szlam, and Weston (2021) intro-
duced a dataset comprised of multi-session human-human
chats for long-term conversations. However, these conversa-
tions are restricted to a few rounds of conversation, which
can not align with long-term AI companions. Moreover,
these models often fail to create a detailed user portrait and
lack a human-like memory updating mechanism, both cru-
cial for facilitating more natural interactions. The concept of
memory updating has been researched in psychology. The
Forgetting Curve theory by (Ebbinghaus 1964) offers in-
sights into the human pattern of memory retention and for-
getting over time. Taking inspiration from this theory, we in-
tegrate a memory updating mechanism into MemoryBank to
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bolster its long-term memory function.

While significant progress has been made in the field of
LLMs, there is still a need for long-term memory mecha-
nism to empower LLMs in the scenarios requiring personal-
ized and persistent interactions. Our work presents Memo-
ryBank as a novel approach to address this challenge.

Conclusion

We present MemoryBank, a long-term memory mechanism
designed to address LLMs memory limitations. Memory-
Bank enhances the ability to maintain context over time,
recall relevant information, and understand user personal-
ity. The memory updating mechanism of MemoryBank im-
proves the anthropomorphism of Al in long-term interac-
tions scenarios. The versatility of MemoryBank is demon-
strated through its accommodation of both open-source
models, and close-source models like ChatGPT. We further
illustrate the practical application of MemoryBank through
SiliconFriend, an LLM-based chatbot designed to serve as
a long-term Al companion. Equipped with MemoryBank,
SiliconFriend establishes a deeper understanding of users,
offering more personalized and humanize interactions. The
tuning of SiliconFriend with psychological dialogue data en-
ables it to provide empathetic emotional support. Extensive
experiments validate the effectiveness of MemoryBank. The
findings demonstrate that MemoryBank empowers Silicon-
Friend with memory recall capabilities and deepens the un-
derstanding of user behaviors. Besides, SiliconFriend can
provide empathetic companionship of higher quality.
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