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HE 7HEE] glolgAt sh=to] 579 31 7|HE Fstote 494 A mo|lmRI(FH A 4, EE F41s
APA 719F X3, EUolA)S a5t} o]E H® O &2 Gemma3’-1B, TinyLlama-1.1B, DeepSeek-1.3B Al &
9] A% 2 v Yristgon, FJEFATH A50%0] ZAS 47) HE 7He|a=|o] tigt Macro-F1 ¥ 7}e|1e]
H RecallE F9 A#EZ AYstFt. 4 A3, Gemma3-1BE= Macro-F1 0.927, '8 F9' 71E|122] Recall
0.941 7123 1918 HE At 999 v|gR|(False Negative)E 451191, INT4 FASE Tof| = Perplexity
S7HEE 4.3% o|HE [FAIsH AR #E 758 ASoFATH Gemma3-1B¢} TinyLlama-1.1B 7+9] Ad5 Aol=
EAHoR {oustAtipaired t-test: p=0.0031, Hedges' ¢=1.67). ZEZ o7 7|&% Hex, HE 7ig ¥
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Abstract This study aims to identify the optimal lightweight language model (LLM) for real-time Korean
spam SMS detection on the Jetson Orin Nano edge platform. The methodology utilizes a legal-category
dataset of 148,937 samples and a specialized four-stage Korean preprocessing pipeline—comprising
morphological analysis, surface normalization, dictionary-based conversion, and tokenization—
established in a prior study. Three lightweight models, Gemma3-1B, TinyLlama-1.1B, and
DeepSeek-1.3B, were comparatively evaluated using Macro-F1 and per-category Recall across four legal
categories defined under Article 50 of the Act on Promotion of Information and Communications
Network Utilization and Information Protection.Experimental results demonstrate that Gemma3-1B
achieved a Macro-F1 of 0.927 and an 'lllegal Activity' category Recall of 0.941, effectively minimizing
False Negatives for high-risk violations while maintaining a Perplexity increase within 4.3% after INT4
quantization. The performance gap between Gemma3-1B and TinyLlama-1.1B was statistically
significant (paired t-test: »=0.0031, Hedges' ¢=1.67). These findings confirm that Gemma3-1B is the
most suitable model for Korean spam detection systems, as it balances classification accuracy,
legal-category reliability, and edge deployability.

Key Words : Korean Spam Detection, Lightweight Language Model, Legal-based Classification, Edge

Computing, Transfer Learning
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(Table 1> Overview of Compared Models
Model Params Lang. Support Role Key Characteristics
Gemma3-1B 1B 140 languages Evaluation target Broad expression recognition, multilingual context processing
TinyLlama-1.1B 1.1B English—centric Evaluation target Lightweight architecture, fast inference speed
DeepSeek-1.3B 1.3B Eng&Chn-centric Evaluation target Specialized in structured pattern recognition
BERT-base-muiltilingual 110M 104 languages Baseline Encoder-based, high classification accuracy
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(Table 2> Gemma3-1B vs. TinyLlama-1.1B
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Comparison Item Gemma3 TinyLlama
Parameters 1B 1.1B (Table 3) Four-Stage Preprocessing Pipeline
Language Support 140 langs Eng-centric P -
Macro—F1 0.927 0.901 Stage ré)g:tsesr::g Tool / Dictionary Detailed Operations
Overall Accuracy 95.5% 94.2% ] Morphological KoNLPy Particle & ending separation,
Recall- lllegal Activity 0.941 Relatively low Analysis Mecab compound noun processing
Recall- Investment Solicitation Special character removal
(post-preprocessing) 0.908 0879 Surface (& % Petc.),
2 o Rule-based A
Precision — Legitimate Ad o 0.955 (strong Normalization shortened URL normalization
recision egimate FP suppression) (bit.ly, naver.me)
Category Confusion Rate ~13% ~15% Slang/Abbrev.Dict. )
— 327) Non-standard expression
Memory after Quantization 0.5 GB 0.5 GB Dictionary LegalKeywordDict standardization,
Perplexity Increase Rate ~4% ~4% 3 ~based (156) ‘| legal violation keyword
. . Slight Conversion JamoRestorationD | . mapping, -
Preprocessing Integration Latency (mitigable) None ict.(89) jamo-split text restoration
Update Convenience Moderate High 4 Tokenizer Gemma3 Conversion to model input
Legal Category Suitability High Moderate Application Tokenizer format
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(Table 4> Key Hyperparameters

(Table 6) Per-Category Performance Metrics

Hyperparameter Value Notes
Learning Rate 5x107® Candidates:1x107%, 5x10°7%, 1x107™*
Batch Size 8 —
Dropout 0.1-0.3 —
Warmup Steps 500 Adjusted cf((;;s\igisnig memory
Loss Function Focal Loss 7=2.0

Focal Loss a
Quant. Method

[05, 1.5, 2.0, 1.8]| Inverse class frequency-based
INT4 (GPTQ)
[-30, +30]

Per-channel quantization

Weight Clipping Outlier suppression

. Gemma3 | TinyLlama | DeepSeek
Category Metric ~1B -11B ~13B
lllegal Activity Recall 0.941 0.897 —
lllegal Activity Precision 0.897 — —
Investment Solicitation |  Recall 0.908 0.879 —
Legitimate . - -
Advertisement Precision 0.955
Non-compliant o o
Advertisement F1 0.927
CategoryConfusionRate _ ~13% ~15% _
(llegaleInvestment)

Calibration Data

10,000 samples Class—balanced sampling
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(Table 5> Overall Model Performance Comparison

. Macro-F1 .
Model | gy | pre-pre |post-pre| (g) Notes
processing | processing

Gemma3 Highest overall

1B 9.5 | 0.927 — 0.29 | Recall across legal
categories

TlriyLIama 942 0.901 o 023 Strong FP
1.1B suppression

Large effect from
0/

Deﬁpggek 98| 08 | *3% | 031 |special char. & URL
’ normalization
S Baseline; inference

BERT-base~| g6 1 | (941 — | 1.85 | time too high for

multilingual

edge deployment
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DeepSeek-1.3BE A o€l &x]of 5HA|qt Rpt &
g 7|9t Slojof 7} A7t Ba

A} Zo] Z9hl,

4.1.2 MTQt F1-Score H7t

APAF2]oA F+59 470 HE 7Ielag do
HAZ HAEA #4835 BdE J52 Table 5
o &t

ZHE| 2 2]E Al 2| #F= Table 63 2t} Gemma3-1B
= 'Y P9 olA Recall 0.941, Precision 0.897=%
False Negative H|&°] 7P Wt} TinyLlama-1.1B
+= 91 31’ Precision 0.955% FP Ao 4HS H
Qo 'EAF E-R' Recallo] 0.8792 1193 ©HA]A]
SHAIE =EWitt. DeepSeek-1.3B= il H|ES:
F1=0.9278 =S}ATF ¥13 wA Aol H5 A5t &+
ZeFch

AAE HE Fo|= Gemma3-1B9 HE 7HEH X
2] Recallo] A¥tAoR 71 &7 A=A oH,
Macro-F1 Z}o]& p=0.0031, Hedges' g=1.67% &
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(Table 7) Real-Time Inference Performance

Model TPS MAT | GPU CPU
(msg/sec)| (sec) |Memory| Usage

TinyLlama-1.1B 87 0.23 |05 GB| Low None

Bottleneck

DeepSeek-1.3B 79 0.31* |0.5 GB|Moderate | jamo restoration

Slightly
high

*Measured including text-variant restoration stage

Gemma3-1B 74 0.29 |05 GB Minor
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{Table 8> Model Selection Matrix

Selection Criteria Priority Gemma3-1B TinyLlama-1.1B DeepSeek—1.3B
Legal Category Recall Highest Best Investment solicitation _
Retention 9 (lllegal 0.941, Investment 0.908) limited at 0.879
Inter-category Confusmn ® Confusion rate ~13% Confusion rate ~15% —
Suppression
Korean Evasion Stable Macro-F1 gain ) - )
Technique Handling ® after preprocessing Moderate Requires additional preprocessing
Edge Deployment TPS 74, MAT 0.29 s MAT 0.31 s
Feasibility ® (meets requirement) TPS 87, MAT 0.23 s (best speed) (with variant restoration)
. Speed advantage; Extra preprocessing
Overall Verdict Selected legal detection limitation required for evasion handling
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