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Abstract

The natural language processing capabilities based on large language models have shown wide application potential in
intelligent question-answering scenarios. To provide personalized computer learning support for university students, a
computer public course question-answering system named "Shanshan" was developed, which was based on a code-
oriented large language model. The system was designed with a front-end and back-end separation architecture, and sends
user questions to the large language model through a message queue and listens to the model's return results. Leveraging
the language understanding and generation capabilities of the large language model, the system was utilized to
automatically answer computer-related questions posed by students, and continuous batch processing and retrieval-
augmented generation techniques were employed for optimization. Performance evaluation experiments indicated that the
system achieved superior performance in terms of concurrency, response time, and multi-turn dialogue compared to

alternative methods.
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AepE (BRI, 2018(9): 129-130.

LI X H, PAN W W, ZHAO M M. Reflec -
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® w2z

EFAIR i

b} =4 RIRE WER
JERAG 2.873 1.087 1.325
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HRAG 2.794 2.643 2.460
TERAG 2.675 1.024 1.000
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2
KBHERHA
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o BIRFS|: EAUEE ARSI AT RIEE RS 18R,
* BFER: ENEEEHBTRREIENEINRR,

EARAEEEE MD5, SHA-1, SHA-256 %, BETENE, BAREREULT
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SHA-256 B EFASARANAT SHA-3,

2024/10/29 T4-2:50:55 (D&Y
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KT A3 Python SLHUISTFHEREY, Python tREREPEEIRH T SHISHHEIARISTN, Fian
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. fign:

import hashlib

# PR SHA-256 WA

data = "Hello, World!™

hash_object = hashlib.sha256(data.encode())
hex_dig = hash_object.hexdigest()
print(hex_dig)

TEXAMFIF, hashlib.sha2se FATFIHEFFEHAY SHA-256 IA75{H, hexdigest()
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