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ABSTRACT

Recent natural language processing technology has been advancing at an unprecedented pace, driven by the
development of large language models. However, the issue of hallucination, where the model generates
inaccurate or nonsensical responses, remains a challenge to be addressed. This paper analyzes various prompt
engineering techniques in large-scale language models and derives prompt engineering methods that can achieve
optimal response performance for each dataset. The study found that the most suitable prompt engineering

techniques can vary depending on the characteristics of each dataset.
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E 1. ARC/GSMS8k Hlo]E]Ale] A% A%

Table 1. Performance Metrics for ARC and GSM8k Datasets

ARC/BLEU GSMS8k/BLEU
Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 2.170 5.130 1.301 Base 10.445 8.337 7.770
ICL 2.091 4.186 1.047 ICL 8.368 4.994 7.388
CoT 0.000 14.649 0.715 CoT 11.799 8.389 8.285
CoT+ICL 0.000 0.000 1.444 CoT+ICL 11.411 8.016 5.489
RAG(Base) 1.409 4.922 1.485 RAG(Base) 6.757 8.331 8.151
RAG(CoT) 0.000 0.000 1.374 RAG(CoT) 11.147 8.503 8.166
ARC/ROUGE GSM8k/ROUGE
Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.220 0.266 0.187 Base 0.411 0.451 0.358
ICL 0.189 0.241 0.132 ICL 0.387 0.355 0.306
CoT 0.699 0.836 0.484 CoT 0.428 0.445 0.356
CoT+ICL 0.070 0.819 0.527 CoT+ICL 0.437 0.436 0.277
RAG(Base) 0.154 0.273 0.159 RAG(Base) 0.321 0.446 0.324
RAG(CoT) 0.249 0.812 0.511 RAG(CoT) 0.415 0.449 0.320
ARC/METEOR GSM8k/METEOR
Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.170 0.205 0.180 Base 0.249 0.243 0.216
ICL 0.119 0.178 0.146 ICL 0.234 0.195 0.200
CoT 0.350 0.418 0.243 CoT 0.269 0.242 0.221
CoT+ICL 0.035 0.409 0.264 CoT+ICL 0.270 0.245 0.171
RAG(Base) 0.112 0.211 0.144 RAG(Base) 0.201 0.248 0.211
RAG(CoT) 0.125 0.406 0.256 RAG(CoT) 0.262 0.250 0.205
ARC/BLEURT GSMS8k/BLEURT
Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.333 0.373 0.328 Base 0.406 0.405 0.381
ICL 0.256 0.337 0.277 ICL 0.398 0.376 0.368
CoT 0.480 0.534 0.393 CoT 0.415 0.404 0.384
CoT+ICL 0.201 0.534 0.418 CoT+ICL 0.413 0.403 0.361
RAG(Base) 0.246 0.369 0.282 RAG(Base) 0.373 0.406 0.380
RAG(CoT) 0.306 0.529 0.418 RAG(CoT) 0.410 0.412 0.373
ARC/BERTScore GSM8k/BERTScore
Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.608 0.639 0.569 Base 0.771 0.856 0.747
ICL 0.591 0.598 0.445 ICL 0.712 0.728 0.667
CoT 0.976 0.979 0.899 CoT 0.810 0.859 0.741
CoT+ICL 0.898 0.985 0.937 CoT+ICL 0.824 0.826 0.559
RAG(Base) 0.536 0.646 0.511 RAG(Base) 0.775 0.848 0.704
RAG(CoT) 0.938 0.983 0.943 RAG(CoT) 0.775 0.834 0.648




A o] Rl ZgEE dAels el Bak AT
F 2. HellaSwag /| MMLUH|o]E]Ale] A% | %
Table 2. Performance Metrics for HellaSwag and MMLU Datasets
HellaSwag/BLEU MMLU/BLEU

Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 1.207 0.525 1.072 Base 1.696 3.683 1.863
ICL 0.301 0.741 0.827 ICL 0.956 2.887 1.226
CoT 0.000 0.000 0.219 CoT 4.238 1.290 0.142
CoT+ICL 2.835 0.000 0.038 CoT+ICL 8.709 9.535 0.123
RAG(Base) 1.048 1.047 1.420 RAG(Base) 1.300 4.319 1.594
RAG(CoT) 0.000 0.000 0.050 RAG(CoT) 0.169 0.508 0.115

HellaSwag/ROUGE MMLU/ROUGE

Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.144 0.136 0.172 Base 0.148 0.261 0.180
ICL 0.098 0.117 0.144 ICL 0.129 0.210 0.123
CoT 0.448 0.701 0.389 CoT 0.591 0.673 0.477
CoT+ICL 0.293 0.712 0.265 CoT+ICL 0.340 0.637 0.409
RAG(Base) 0.138 0.161 0.182 RAG(Base) 0.136 0.258 0.148
RAG(CoT) 0.330 0.725 0.353 RAG(CoT) 0.204 0.617 0.447

HellaSwag/METEOR MMLU/METEOR

Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.096 0.092 0.122 Base 0.097 0.177 0.141
ICL 0.062 0.086 0.104 ICL 0.079 0.142 0.110
CoT 0.224 0.351 0.196 CoT 0.296 0.336 0.241
CoT+ICL 0.147 0.356 0.142 CoT+ICL 0.170 0.319 0.207
RAG(Base) 0.090 0.108 0.135 RAG(Base) 0.078 0.177 0.122
RAG(CoT) 0.165 0.363 0.185 RAG(CoT) 0.103 0.309 0.225

HellaSwag/BLEURT MMLU/BLEURT

Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.229 0.251 0.283 Base 0.255 0.348 0.298
ICL 0.185 0.235 0.258 ICL 0.202 0.302 0.248
CoT 0.362 0.442 0.338 CoT 0.445 0.474 0.395
CoT+ICL 0.357 0.444 0.257 CoT+ICL 0.329 0.467 0.356
RAG(Base) 0.227 0.266 0.285 RAG(Base) 0.220 0.346 0.271
RAG(CoT) 0.342 0.449 0.289 RAG(CoT) 0.271 0.458 0.382

HellaSwag/BERTScore MMLU/BERTScore

Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.518 0.492 0.555 Base 0.546 0.624 0.575
ICL 0.336 0.440 0.395 ICL 0.522 0.558 0.478
CoT 0.871 0.935 0.861 CoT 0.968 0.973 0.935
CoT+ICL 0.838 0.938 0.778 CoT+ICL 0.918 0.972 0.924
RAG(Base) 0.482 0.537 0.541 RAG(Base) 0.507 0.610 0.519
RAG(CoT) 0.847 0.940 0.825 RAG(CoT) 0.888 0.964 0.924
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Table 3. Performance Metrics for TruthfulQA and Winogrande Datasets
TruthfulQA/BLEU Winogrande/BLEU

Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 4.819 6.304 6.667 Base 3.967 2.490 0.541
ICL 2.901 2.088 9.657 ICL 6.242 15.209 0.276
CoT 8.911 9.828 13.184 CoT 0.000 0.000 2.924
CoT+ICL 1.467 12.530 15.071 CoT+ICL 0.000 0.000 10.175
RAG(Base) 8.363 9.123 11.759 RAG(Base) 2.648 13.179 0.280
RAG(CoT) 8.835 21.232 17.870 RAG(CoT) 0.000 0.000 7.085

TruthfulQA/ROUGE Winogrande/ROUGE

Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.149 0.199 0.243 Base 0.388 0.548 0.391
ICL 0.113 0.096 0.245 ICL 0.401 0.544 0.239
CoT 0.192 0.234 0.290 CoT 0.225 0.685 0.548
CoT+ICL 0.067 0.257 0.349 CoT+ICL 0.551 0.661 0.574
RAG(Base) 0.206 0.217 0.288 RAG(Base) 0.367 0.506 0.233
RAG(CoT) 0.201 0.341 0.398 RAG(CoT) 0.469 0.621 0.497

TruthfulQA/METEOR Winogrande/METEOR

Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.118 0.148 0.249 Base 0.204 0.291 0.224
ICL 0.069 0.066 0.254 ICL 0.209 0.282 0.157
CoT 0.161 0.189 0.273 CoT 0.114 0.350 0.287
CoT+ICL 0.049 0.217 0.352 CoT+ICL 0.283 0.339 0.297
RAG(Base) 0.155 0.177 0.293 RAG(Base) 0.188 0.269 0.149
RAG(CoT) 0.163 0.314 0.399 RAG(CoT) 0.242 0.319 0.259

TruthfulQA/BLEURT Winogrande/BLEURT

Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.233 0.278 0.344 Base 0.386 0.511 0.384
ICL 0.187 0.208 0.347 ICL 0.401 0.510 0.255
CoT 0.257 0.321 0.380 CoT 0.247 0.611 0.515
CoT+ICL 0.152 0.344 0.439 CoT+ICL 0.521 0.597 0.541
RAG(Base) 0.258 0.320 0.379 RAG(Base) 0.366 0.482 0.267
RAG(CoT) 0.279 0.421 0.467 RAG(CoT) 0.459 0.573 0.487

TruthfulQA/BERTScore Winogrande/BERTScore

Method Llama Gemma Mistral Method Llama Gemma Mistral
Base 0.427 0.489 0.558 Base 0.779 0.835 0.723
ICL 0.410 0.444 0.546 ICL 0.783 0.837 0.608
CoT 0.473 0.527 0.594 CoT 0.700 0.897 0.843
CoT+ICL 0.322 0.559 0.624 CoT+ICL 0.844 0.887 0.859
RAG(Base) 0.470 0.521 0.588 RAG(Base) 0.749 0.824 0.613
RAG(CoT) 0.479 0.625 0.672 RAG(CoT) 0.815 0.876 0.825
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Table 4. Optimal Prompt Engineering for Achieving Peak Performance Metrics Across

E

Q| jo} )

Datasets Based on the Llama3 Model

Llama3 ARC GSM8k HellaSwag MMLU Truthful QA Winogrande
doleldl | wu sk | wmasy, | CRL SR g | oeek
22 | s zese | Aaze s | SEE EER 2 59
BLEU Base{2.170} CoT{11.799} |CoT+ICL{2.835}| CoT+ICL{8.709} CoT{8911} ICL{6.242}
ROUGE CoT{0.699} |CoT+ICL{0.437}| CoT{0.448} CoT{0.591} RAG(Base){0.206} | CoT+ICL{0.551}
METEOR CoT{0.350} |CoT+ICL{0.270}| CoT{0.224} CoT{0.296} RAG(CoT){0.163} | CoT+ICL{0.283}
BLEURT CoT{0.480} CoT{0.415} CoT{0.362} CoT{0.445} RAG(CoT){0.279} | CoT+ICL{0.521}
BERTScore CoT{0.976} CoT{0.824} CoT{0.871} CoT{0.968} RAG(CoT){0.479} | CoT+ICL{0.844}
Best CoT CoT CoT CoT RAG(CoT) CoT+ICL

E 5. Gemma2 E 7[uk dlo|efAl ¥ AF A3k H FHy Ao ZEZE QIxveg]
Table 5. Prompt Engineering for Optimal Performance Metrics Across Datasets Using the Gemma2 Model

Gemma?2 ARC GSM8k HellaSwag MMLU Truthful QA Winogrande

deleyl | = S5 Y A, jﬁiff” g, Aae, | O

54 FhEEA| 254 PP R q;g;% o Ay %%;;ﬁ
BLEU CoT{14.649} |RAG(CoT){8.503} | RAG(Base){1.047} |CoT+ICL{9.535}| RAG(CoT){21.232}| ICL{15.209}
ROUGE CoT{0.836} Base{0.451} | RAG(CoT){0.725} | CoT{0.673} | RAG(CoT){0.341} | CoT{0.685}
METEOR CoT{0.418} |RAG(CoT){0.250} | RAG(CoT){0.363} CoT{0.336} RAG(CoT){0.314} | CoT{0.350}
BLEURT CoT{0.534], RAG(CoT){0.412} | RAG(CoT){0.449} CoT{0.474} RAG(CoT){0.421} | CoT{0.611}
CoT+ICL{0.534}

BERTScore |CoT+ICL{0.985}| CoT+ICL{0.859} | RAG(CoT){0.940} CoT{0.973} RAG(CoT){0.625} | CoT{0.897}
Best CoT RAG(CoT) RAG(CoT) CoT RAG(CoT) CoT
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Table 6. Prompt Engineering for Optimal Performance Metrics Across Datasets Using the Mistral Model

Mistral ARC GSMB8k HellaSwag MMLU Truthful QA Winogrande

_ . I3}, <l
g ;iiﬂ e e e, | TR SR | A guga, | e,
=2 ShAl FEY A S ATk S5 A 2 4

BLEU RAG(Base){1.485} | CoT{8.285} | RAG(Base){1.420} | Base{1.863} | RAG(CoT){17.870} | CoT+ICL{10.175}
ROUGE CoT+ICL{0.527} | Base{0.358} CoT{0.389} CoT{0.477} | RAG(CoT){0.398} | CoT+ICL{0.574}
METEOR | CoT+ICL{0.264} | CoT{0.221} CoT{0.196} CoT{0.241} | RAG(CoT){0.399} | CoT+ICL{0.297}
BLEURT ISZE-‘(—ECOE;({)O“: i;] CoT{0.384} CoT{0.338} CoT{0.395} | RAG(CoT){0.467} | CoT+ICL{0.541}
BERTScore | RAG(CoT){0.943} | Base{0.747} CoT{0.861} CoT{0.935} | RAG(CoT){0.672} | CoT+ICL{0.859}
Best CoT+ICL CoT CoT CoT RAG(CoT) CoT+ICL




The Journal of Korean Institute of Communications and Information Sciences "25-01 Vol.50 No.01

I 7. ARC Dataset(Gemma?2)
Table 7. ARC Dataset(Gemma2)

ARC Dataset(Gemma2)

Label covered by water
BASE underwater
ICL underwater
CoT covered by water
CoT+ICL covered by water
RAG(BASE) underwater
RAG(CoT) covered by water
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q
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Table 10. TruthfulQA Dataset(Gemma2)

I 8. HellaSwag Dataset(Gemma?2)

Table 8. HellaSwag Dataset(Gemma?2) TruthfulQA Dataset(Gemma2)

Light behaves as both a particle and
HellaSwag Dataset(Gemma2) Label a wave

Label lifts it up to his chest and pauses. BASE Both

BASE is likely about to lift weights. ICL The Bible doesn’t specify

ICL This document doesn’t say. CoT Light exhibits properties of both

CoT lifts it up to his chest and pauses. particles and waves.

CoT+ICL lifts it up to his chest and pauses. CoT+ICL Light is both a particle and a wave.

RAG(BASE) lifts it RAG(BASE) T};IS dotl:umerg doe;}s1 not contalfnr .

RAG(CoT) lifts it up to his chest and pauses. information about the nature of light.

RAG(CoT) Light can be both a particle and a
wave.

I 9. MMLU Dataset(Gemma?2)

Table 9. MMLU Dataset(Gemma2)

H 11. WinograndeDataset(Gemma?2)
MMLU Dataset(Gemma?2) Table 11. WinograndeDataset(Gemma2)

Label the total welfare is maximized.

- - - WinograndeDataset(Gemma2)
This statement is generally considered

BASE true. Label house

ICL It allocates resources efficiently BASE trainer

CoT the total welfare is maximized. ICL hammer

CoT+ICL the total welfare is maximized. CoT training

RAG(BASE) It allocates resources efficiently and CoT+ICL training

promotes innovation. RAG(BASE) trainer
RAG(CoT) the total welfare is maximized. RAG(CoT) house

18
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I 12. GSMB8k Dataset(Gemma?2)
Table 12. GSM8k Dataset(Gemma?2)

GSMS8k Dataset(Gemma2)

Carol and Jennifer have already
collected 20 + 44 signatures =
<<20+44=64>>64 signatures.\nSince

Label . .
abe their goal is 100, they need to collect
100 - 64 signatures. 100 - 64 =
<<100-64=36>>36 signatures\n#### 36
They need 100 total signatures and
BASE currently have 20 + 44 = 64

signatures.

They need 100 signatures total and
ICL Carol has 20 and Jennifer has 44 for
a total of 64. 100-64=36.

They need 100 total signatures and
currently have 20 + 44 = 64
signatures.  Therefore, they need 100
- 64 = 36 more signatures.

CoT

They need 100 signatures total and
Carol has 20 and Jennifer has 44 for
a total of 64. 100 - 64 = 36.

CoT+ICL

’They need 100 signatures total and
currently have 64 (20 + 44).
Therefore, they need 36 more
signatures (100 - 64 = 36).”: ’Carol
and Jennifer have already collected 20
+ 44 signatures = <<20+44=64>>64
signatures.\nSince their goal is 100,
they need to collect 100 - 64
signatures. 100 - 64 =
<<100-64=36>>36 signatures\n#### 36

RAG(BASE)

They need 100 total signatures and
currently have 20 + 44 = 64
signatures.  Therefore, they need 100
- 64 = 36 more signatures.”: ’Carol
and Jennifer have already collected 20
+ 44 signatures = <<20+44=64>>64
signatures.\nSince their goal is 100,
they need to collect 100 - 64
signatures. 100 - 64 =
<<100-64=36>>36 signatures\n#### 36

RAG(CoT)
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