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[Abstract]

This paper proposes a method to improve the search functionality for website posts and product
reviews by using a ResNet-Transformer model in conjunction with the BM25 ranking algorithm. BM25
is a widely used algorithm in text-based search that ranks documents by evaluating their relevance to
user queries. However, it has limitations in capturing local features of words and understanding the
context of a sentences. To address these issues, this study applies a classification approach that
combines the ResNet model, which excels at extracting local features, with the Transformer model,
known for its strong contextual understanding, as weights for BM25. Experimental results demonstrate
that the proposed method improves the nDCG metric by 9.38% and the aP@5 metric by 11.82%
compared to BM25 alone. This suggests that implementing this method in search engines across various

websites can provide more accurate results for post and review searches.
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I. Introduction
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II. Preliminaries
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2. Performance comparison with various neural
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Table 3. Training and evaluation accuracy of four
models

Train Validation
Model
Accuracy Accuracy
CNN-LSTM 80.73% 81.57%
Transformer 91.75% 90.38%
CNN-Transformer 87.62% 87.98%
ResNet-Transformer 98.08% 93.59%
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Fig. 2. Test accuracy of models
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Table 4. Test accuracy of four models

Model Test Accuracy
CNN-LSTM 82.25%
Transformer 89.00%
CNN-Transformer 87.50%
ResNet-Transformer 92.75%
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3.3 Backend implementation
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3.4 Build a test website
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Fig. 4. System Configuration Diagram for the Test Website

3.5 Explanation of the RNTrans BM25 Execution DaysAgo = A S5 — A A= S5
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IV. Experimental Results
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Fig. 5. Search results for evaluation websites
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Table 5. Example of completing a questionnaire

Rank RNTrans
No KNU BM25 BM25
1 3 3 5
2 2 1 2
3 1 4 2
4 5 5 1
5 1 3 5
WIHe 7P SABIL Lol Reo] wet (5, 4
7(4 37(4 27(4 173)% %:l_o:]a} 8}]1]:,} 741\H 7:5_}7} oo
A 0dE Foisict. HAE } gk 10719] Aojol:= 8

go] shiS2 e vk 100719] Aojo] Fof LAz
AEisiit). Aojolg o]gg "QW(Query Words) 02
YsHlct.

Table 6. Query Words

No Query Words

Qw1 | 0|2 2.8

Qw2 WS S5t

QW3 z7] &4

Qw4 A2l S5t HF7| =2 Z4oF HAE

Qws | 2 S AZESOf 1 CojE AojoiA W
g HA dE HY

Qwsé Fetd UG oM =l
QHESHN R A7t EY RS 8 St0 1989
BA MRt UsF YU T 20| E0| HHYH A

QW7 | FESt3 YYSIE HRSHIOR ML
T3 2YA0| 19UE 7R 21UE
71222 S2¥YH.

Qws YEHY ot HYE 32 £2ZEQ9

Qw9 28 B E42 giHe

QW10 | 3= ST et XY 27

%7} FAJo EGIA Table 69] 10719] 719=2 7}A|2
AN ~3¥519ic} 287] gy a]Eo] A2 =X517] sl
Al nDCG(Normalized Discounted Cumulative Gain) 2}
Average Precision@K[21]& AR5}t nDCGE M
A|AEI} 7] ek pe]zo] Huke Frtshr] sl 71 tlo]
AM3H= H7HK| molct nDCGE 2419] £A1Qt HiA 9]
50542 D3 KB 2N ATPE Ao PAITAE =
Wk 4 9P hgo] A
Precision@K+= 787 AJARIC] Ad53
Sl Ae e 49 01l 49 5 PRER e
RAERI RSO Ry
RS Hytsta, 7<7-]6]— agi'olo] Adopt A Qe ke
S AR WL, 2 =0 E Ko 15717 38
Ao 2 AASH Average Prec131on@K(K 5)& ARESIS
th 719E 10712 A o8 9o 7] =37 2arelEe]
nDCGe} aP@59] 2 ofejjel Ztt.

Table 7. nDCG result

RNTran
aw KNU BM25 BMZaS s
Qw1 0.036 0.678 0.885
Qw2 0.252 0.420 0.566
Qw3 0.032 0.782 0.902
Qw4 0.044 0.387 0.422
N 0.032 0.476 0.532
Qws 0.176 0.604 0.624
Qw7 0.034 0.153 0.329
Qws 0.034 0.657 0.772
Qw9 0.032 0.880 0.900
QW10 0.193 0.613 0.685

9] HIAE At Aolof 107]2] B+ oz nDCGCE
AXts] Bw KNUO nDCG: 8.65%, BM25% 56.50%,
RNTrans BM25%= 65.88%0°]C}t. BM257F KNUoj| H]|&f
nDCG 7} A7} 47.85% =& AL 2 4 gc}, ¥ =
o)A AJAgE RNTrans BM25= BM25 tjH]sto] nDCG
BB 9.38% FE= & 4 Ao
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Fig. 6. Graph of nDCG results for each query
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Table 8. Average Precision@5 result

RNTrans
Qw KNU BM25 BM25
QW1 0 0.758 0.970
QW2 0.365 0.506 0.761
QW3 0 0.915 0.956
Qw4 0.004 0.621 0.672
QW5 0 0.561 0.691
QW6 0.195 0.841 0.857
Qw7 0 0.192 0.578
Qw8 0 0.808 0.849
QW9 0 0.933 0.946
QW10 0.154 0.773 0.811
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V. Conclusions
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