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“/lUscr]: What are your hobbies?

[System]: As an Al language model, I don't have hobbies like humans do.
However, I am programmed to assist with various tasks and answer
questions. Is there anything specific you need help with?"

[User]: Tell you my hobby: swimming, climbing mountain and traveling.
,,,,,, (50+ turns of dialogue about hobby and other topics is omitted here.)

[User]:

.

@GPT]: X

As an Al language model, / don't have
access to your /IL’/'\'()N((/ i/Y/()/'/YY(([[(’]I or
interests, so I can't say for sure what
your hobby is. However, I can suggest
some common hobbies that people
enjoy such as reading, writing, painting,
playing sports, cooking, gardening,
playing musical instruments, and many ‘
more. You can explore different hobbies.
| and find the one that brings you joy and“
\ fulfillment. /

i
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[Our SCM System]: \
Based on our previous
conversation, your hobbies

include swimming, climbing
mountains, and traveling. s

there anything related to those
hobbies that you need assistance
with?
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Given a user command, determine whether executing the
command requires historical or previous information, or
whether it requires recalling the conversation content.
Simply answer yes (A) or no (B) without explaining the
information:

Command: [User Input]

Figure 4: J2 57 B HHCAZ I SE SRR o

Given a user command, determine if it can be executed
correctly based solely on the summary historical
information provided. Simply answer yes (A) or no (B),
without explaining the information.

Command: [User Input]
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Below is a conversation between a user and an Al
assistant. Please provide a summary of the user's
question and the assistant's response in one
sentence each, with separate paragraphs, while
preserving key information as much as possible.
Conversation:

User: [user input]
Assistant: [system response]

Summary:
Figure 6: $&/R X HEICIZHH 2

Here is a conversation between a user and an Al
assistant. Please answer the user's current
question based on the history of the conversation:
History of the conversation:

[History of Related Turn]

Previous conversation:

User: [previous user input]
Assistant: [previous system response]

HHt

User: [current user input]
Assistant:

Figure 7: i K035 A M SCHER o
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I feel like I’ve gained weight recently and I’'m planning to lose some. My goal weight is 65 kilograms.

[ That's a great goal! I can help you reach your goal weight. What kind of exercise plan do you have in mind? ] |m|

b

I’m aiming to work out three times a week.

.~ > D’m planning to exercise more regularly, starting with running.

[ That's a great start! How often do you plan to run? ] |m|

2

[ It sounds like you have a great plan! To help you stay motivated, why don't you set goals for each session? ] |m|

... after 10 days and 500+ turns of dialogue

I’ve got some good news to share - my weight loss has been going well lately and I'm down to 68kg now.

[ Congratulations! That's great news. What have you been doing to help you reach this goal? ] |m|

1
1= = It’s because I’ve recently started enjoying sports like swimming and basketball again.

[ That's wonderful! It's great that you're finding activities that you enjoy and can stick with. ] lm'

& |
jﬁ

1
~ == Do you remember my first sport?

[

] ||i£'||

Figure 8: # K XG53 .
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RQ1. Can SCM system compete with or
even outperform ChatGPT within a specific
token limit? Yes.
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RQ2. Can SCM system scale to provide ac-

curate responses to users’ questions, which

are related to historical contexts that date
back hundreds or even thousands of turns?

Yes.
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RQ3. Can SCM demonstrate generalization
to other scenarios, including long document
summarization? Yes.
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We’ve created GPT-4, the latest milestone in OpenAl’s effort in scaling up deep learning. GPT-4 is a large
multimodal model (accepting image and text inputs, emitting text outputs) that ... We’re also open-sourcing

OpenAl Evals ... help guide further improvements. (omit 500+ words)

First Level
Summary Memory

[summary]: OpenAl has developed GPT-4, a large multimodal model that can accept image and text inputs
and emit text outputs. It has achieved human-level performance on various professional ...

. < v -
(omit 80+ words) ] Second Level

Capabilities

In a casual conversation, the distinction between GPT-3.5 and GPT-4 can be subtle ...

were originally designed for humans. We proceeded by using the most recent publicly-available tests (in the
case of the Olympiads and AP free response questions) or by purchasing 2022-2023 editions of practice

exams. We did no specific training for these exams ... (omit 500+ words)

To understand the

Summary Memory

Final

outperformed GPT-3.5 on various professional and academic benchmarks, including passing a simulated bar
exam with a score around the top 10%. GPT-4 is more reliable, creative ...

N
1
1
1
1
1
:
1
difference between the two models, we tested on a variety of benchmarks, including simulating exams that 1
1
1
1
1
1
1
1
1
1
1

(omit 60+ words)

Summary

«.. Omit n+ turns of summary

Limitations

fully reliable (it “hallucinates” facts and makes reasoning errors). Great care should be taken when using

language model outputs, particularly in high-stakes contexts ... (omit 600+ word)

[summary]: OpenAl has developed GPT-4, ...

making reasoning errors, and can be biased in its outputs. It also lacks knowledge of recent events, and can bef- < - *

overly gullible and make simple mistakes. (omit 80+ words)

\
'
)
'
)
'
'
'
)
'
)
i
)
I

[summary]: OpenAl has developed GPT-4, a large multimodal model with image and text inputs, which has :

e
'
)
'
'
i
'
'
'
'
'
'
'
'
'
'
'
'

1
1
1
1
1
'
Despite its capabilities, GPT-4 has similar limitations as earlier GPT models. Most importantly, it still is not !
1
1
1
1
1
1
1

However, it still has limitations such as hallucinating facts and}
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