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[Abstract]

Deep learning has been developing rapidly in recent years, with many researchers working to utilize
large language models in various domains. However, there are practical difficulties that developing and
utilizing language models require massive data and high-performance computing resources. Therefore,
in-context learning, which utilizes prompts to learn efficiently, has been introduced, but there needs to
be clear criteria for effective prompts for learning. In this study, we propose a methodology for
enhancing prompt-based learning performance by improving the PET technique, which is one of the
contextual learning methods, to select PVPs that are similar to the context of existing data. To evaluate
the performance of the proposed methodology, we conducted experiments with 30,100 restaurant review
datasets collected from Yelp, an online business review platform. We found that the proposed

methodology outperforms traditional PET in all aspects of accuracy, stability, and learning efficiency.

» Key words: Pre-trained language model, Large language model, In-context learning,
Prompt-based learning, PET
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I. Introduction
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II. Preliminaries

1. Pre-trained language model
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3. In-Context Learning
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III. The Proposed Method

1. Research Process
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2. Generation and Embedding of Candidate PVPs
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Fun for little kids. cute and cheesy. -+
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R

7~ Generally. it seems good

‘\\ Generally. it seems bad.
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In a nutshell. good.
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Picasso's is cool, my girlfriend used -
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There were some dishes on the menu-
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Fig. 6. Example of Participants Selection

4. Fine-Tuning and Ensembling Models
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Fig. 7. Example of Transforming Data to Prompts
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Fig. 8. Multiple Fine—Tuning for Each PVP
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IV. Experiment

1. Experiment Overview
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Table 1. System Environment
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;]]o";f AA 4 g ket Uﬂ} }FJ} ‘; (]ﬁo GPU 56TF(NVIDIA V100x4, 128B)
L ; (¢]
40] M=) /(;+ j+ k) o= ALilstct. o]} - Mo Memory 128GB
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Fig. 10. Overall Process of Performance Evaluation
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2. Results of Generation and Embedding of
Candidate PVPs
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Table 2. Result of Pattern Augmentation

No. Pattern

It was [MASK]. x

x All in all, it was [MASK].

x Just [MASK]!

x In summary, the restaurant is
[MASK].

x Taking everything into account,
it was [MASK].

x To wrap it up, it was [MASK].
x Generally, it seems [MASK].

x In a nutshell, [MASK].

The place had a [MASK] vibe. x
Everything gave off a [MASK]
impression.x

x Broadly speaking, it appears
[MASK].

x Summing it all up, the
restaurant appears [MASK].

13 x To conclude, the feeling is [MASK].

Base
Pattern

N WIN|—=

O |00~ O

Generated
Pattern

—_
o

11

12
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o UJX]= G3FS =o]7] L5}, 300xtol|A 400A} Ato]e]
w029t sPgsto] A flojE] AlZ AE51eiT ol
gt S ARl boly & molRdol AR %%

10,0007, 25 1007, B7}4 10,0007, 2
PET 2Eg 713 10000745 FA9=2 @@5 of
30,100719] dlolHz Al&le ZIs§s}gict.

202

[MASK] At2]of| ‘good’ 2} ‘bad’Q] HHz}o|A & AQl5}o]
L8511, RoBERTa-LargeS #8310 o2 7} Hlo]g 9]
DA=) S| 1024xFY B 2 Qlu|dsict Fig. 118 &2
e L5 ol 2o ook

Text Embedding Vector |Label

[-0.49161455, 0.00937985 ...
-0.42132816, 0.33149087]

[-0.2866585 , -0.08225754 ..
-0.09439274, 0.25233802]

i haven't gone on a weekday. but omg ... 0

meh we ordered this for room service ... 0

Data

[-0.45306563, 0.01464486 ..
-0.42401642, 0.17359558],
[-0.17388078, 0.0071531 ..
0.10591157, 0.13888127]
[-0.13328248, -0.19338389 ..
0.11074048, 0.17279987]
[-0.12902051, -0.21542926 ..
0.0867081 , 0.2061094 ]
[-0.18373042, -0.1782788 ...
0.06201676, 0.21077672]
[-0.13576847, -0.25907117 ...
007311352, 0.26262787]

been here about 4x now close to my work ...

Jjust ordered 2 club sandwiches for pickup ...

It was bad.
PVP1

It was good

All in all, it was bad.
PVP2

All'in all, it was good

[-0.17378566, -0.22074927 ...
0.03281051, 0.18878801]
[-0.1681392 , -0.23617451 ..
0.02667564, 0.24621701]

Everything gave off a bad impression.
PVP13

Everything gave off a good impression.

Fig. 11. Example of Preprocessed Data

3. Selection of Participant PVPs

& oA = oA AB/det ZF S8 PVP & DN
289 Aol PVPS At 1S A/RICH 9A 2
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Ejeto] TRl SAbw 8|S Edf 7|E HlojEje} 71 &
ARgHPVPR Ao} 188 eItk ol 9l old 1
oA Ae|Fst PVPEat Hlol8 52 Z1Ate] 2f#llo] Shaof
ghgoz et oS iR & Uio PVPe} HlolE
7t FAQl SAbEE AXISH E, PVPE HF TAR &
APES ASFCE Table 3 ¥ 339 AnE A §
A= 71 Ao RjEt Zlolck. o] Aut] uje}
AlRE 22 o] & A 4719 PVP(SH, 12%1, 6%, L
1 139 PVP)E %to] PVPE AMAISHET

Table 3. Cosine Similarity of Each PVP

Rank PVP Average Cosine Similarity
1 PVP 5 0.9792
2 PVP 12 0.9696
3 PVP 6 0.9658
4 PVP 13 0.9603
5 PVP 11 0.9575
6 PVP 4 0.9561
7 PVP 2 0.9554
8 PVP 9 0.955
9 PVP 8 0.9549
10 PVP 10 0.9546
11 PVP 7 0.9543
12 PVP 1 0.9536
13 PVP 3 0.8898
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4. Fine-Tuned and Ensemble Models
2 AoM e A% Zo] PVPEY 7|E HolE R A=
(]

o U3 mEmeS Pyt ol hgt oNEy L
22 59 A% PET 222 YAkt 1L it
%Al PVPeL AAI2)at lolElg 2gstol oA e o
U BETES NS I YA SAIE v]ES 9
3l ullet PVPSE tlolEl g BA sfue) Qjeizioe W
F3ck. olet Zo] PVP 8§ ZEZES Y3 7, o] I
o ARgste] 2t 8L oAt 2 PVP 4 0]

Ao AFg2 Dt Mg 32 Table 49 2ch

Table 4. Configuration of Fine-tuning

Setup
Model RoBERTa-Large
Learning Rate 5e-5
Epoch 8
Optimizer AdamW
Batch Size 8
Scheduler linear
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Table 5. Accuracy of Each Fine-tuned Model

PVPs Accuracy PVPs Accuracy
PVP 1 0.8834 PVP 8 0.7962
PVP 2 0.9292 PVP 9 0.5476
PVP 3 0.9406 PVP 10 0.8564
PVP 4 0.9636 PVP 11 0.9574
PVP 5 0.9424 PVP 12 0.9369
PVP 6 0.9627 PVP 13 0.9569
PVP 7 0.9223

Table 59| ZAutof| wa} 4H, 69, 11
PVPS (E)] Alof PVP2 W75t o]
2Eg BEC. oo WS Fo A%

of PVP+= Table 61} 2t}

4 J2]u 139
ol 2|5 PET
= ZF melo] A

Table 6. Results of Participant PVPs

Model PVPs
Model (A) 5 6,12, 13
Model (B) 3,5 7,13
Model (C) 1,2, 4,10
Model (D) 5 8,9 10
Model (E) 4, 6, 11, 13

5. Performance Evaluation

¥ Mol PET 43 3olA clojelele] gAtg
7|8te 2 Aloj PVPE A7sh= ARt WHEe] 452 b
3 RS WA W Ane AR on, 2%
PET 29| /5 B7ofle AdY ol AAgol|A AME-E]
Al 9Fe ¥ro] glolg 10,0007§2 AMESITh Table 72
7N mello] uNR7gollA UEhd et = 0] - Average
Accuracy of Individual Models)u} 2&E 2 47[19] 7§
RS PP Sl PYF AF PET 29 4
(Accuracy of Ensemble Model)S UeRHA ZAxto|tt.

Table 7. Average Accuracy and Ensemble Accuracy

.. Accuracy of
Model Average Accuracy of Individual Ensemble
Models
Model
PVP 5|0.9463
(A) PVP 6|0.9639
0.9522 0.9703
Proposed| pvp 12| 0.9377
PVP 13| 0.9607
PVP 30.9403
(B) PVP 5|0.9463
Selection :
PVP 13| 0.9607
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PVP 110.8842
©  [pvp 2]0.9341
Random
Selection | PVP 4]0.9637
PVP 10| 0.8554
PVP 510.9463
®)  |pvp 8|0.8056
Random
Selection | PYP 9]0.5426
PVP 10| 0.8554
PVP 4 ]0.9637
(E) 0.963
Accuracy- | PVP 60.9639
based |PVP 11]0.9616
Selection VP 131 0.9607

0.9094 0.9574

0.7875 0.9488

0.9625 0.9603
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(Fig. 12).
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Fig. 12. Performance Comparison
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Table 8. Overall Evaluation of the Proposed Model

- Proposed Traditional G
Criteria based
Model Model :
Selection
Accuracy High Low Medium
Robustness High Low High
Efficiency High High Low

V. Conclusions
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