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[Abstract]
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This study proposes hyper-parameter settings for developing a generative Al-based learning support

tool to facilitate programming education in online distance learning. We implemented an experimental

tool that can set research hyper-parameters according to three different learning contexts, and evaluated

the quality of responses

from the generative Al using the tool. The experiment with the default

hyper-parameter settings of the generative Al was used as the control group, and the experiment with

the research hyper-parameters was used as the experimental group. The experiment results showed no

significant difference between the two groups in the “Learning Support” context. However, in other two

contexts (“Code Generation” and “Comment Generation”), it showed the average evaluation scores of

the experimental group were found to be 11.6% points and 23% points higher than those of the control

group respectively. Lastly, this study also observed that when the expected influence of response on

learning motivation was

presented in the °‘system content’, responses containing emotional support

considering learning emotions were generated.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Decoding strategy
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1 : The catis (0.6 * 0.5 = 0.30, 2nd highest < final dropout)

P
(\Eff‘_zj/ : The red fox (0.4 * 0.9 = 0.36, 1°* highest = final choice)

Fig. 1. Beam Search
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1.2 ChatGPT API Hyper-parameters
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Table 1. ChatGPT API Hyper parameters
Hyperparameter Short Description
Control randomness for response
temperature . .
diversity
Cumulative probability cutoff for
top_p

token selection

Maximum number of tokens
Penalize new tokens based on their
existing frequency in the text
Penalize new tokens based on
whether they appear in the text
Number of responses for each input

max_tokens

frequency_penalty

presence_penalty

n message. Keep n as 1 to minimize
costs.
Reduce user waiting time when
stream .
generating long response
sto Number of sequence to stop
P generating further tokens
- Control the likelihood of specified
logit_bias

tokens in the response

1.3 Codex & EcoOptiGen
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Codex-S Best Temperature vs K
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Fig. 2. No. of responses(k) vs temperature in Codex
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Task max_tokens temperature_or_top_p n

APPS 176 top_p: 0.982 15
HumanEval 517 top_p: 0.682 18
MATH 193 temperature: 1 26

Fig. 4. Optimized Hyper—parameters by EcoOptiGen
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III. The Proposed Scheme

R L D RN R T
S A3 AR “Codex” A ALAFE0] 3703t lolH
A1l “HumanEval "o|A]  “definition”

=0 =3
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Table 2. Sampling of experiment questions

CONTEXTS | SIZE SOURCE SAMPLE ITEM
Code. G 30 HumanEval Docstring in ‘Definition’
Comm. G 30 Code in ‘Solution’

L. Support| 30 S.Overflow | Python 3.x Questions
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Table 3. Experimental Hyper-parameter

Hyper- LEARNING CONTEXTS
parameter Code. G Comm. G L. support

temperature 0.355 0.391 0.8

top_p 0.682 0.832 0.6

n 3 3 2

max_tokens 512 512 512
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Table 4. System content per learning context

Learning contexts

system content

Code generation

You are a helpful Python 3 code generator. Give me Python code snippet for the following
docstring and the code snippet is expected to run.

formatt following:
Comment ormatted as following

generation def addition(a,b):

#return the value of a + b
return atb ™"

You are a helpful Python 3 comments generator. You will provide the user with line-by-line
accurate comments for each line of the given python code. Your response should be

# function name: addition, function parameters: a, b

Learning support

teaching skills.

You are a helpful Python 3 tutor having great sense of humor, experties and advanced
teaching skills. Learners can be motivated by your humorous and sound advice based on
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Table 5. Results of Experiment

Learning Mean ScoreEvals
Effects
contexts baseline | experiment
Code. G 81.8% 93.4% 11.6% point 1
Comm. G 71.2% 94.2% 23% point 1
No significant
o, o,
L. Support 93.33% 90% difference
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