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Abstract

Currently, the National Assembly Broadcasting System spends more than 700 million Korean Won annually on outsourced
stenography for closed caption services. This paper presents a comparative study of Al speech recognition models for the automatic
generation of closed captions for National Assembly broadcasts and official parliamentary records. In this study, three models —
Faster-Whisper, CLOVA Speech, and Google STT — were evaluated using actual footage from National Assembly plenary sessions
on YouTube under identical conditions of five 5-minute segments (total 1,500 seconds), comparing performance through two speech
recognition metrics, Word Error Rate (WER) and Character Error Rate (CER). In the single-segment experiment, CLOVA Speech
achieved the lowest error rate with a WER of 4.71% and CER of 1.08%. In the multi-segment validation experiment, CLOVA
Speech also demonstrated superior performance with an average WER of 27.44% and CER of 6.18%. Notably, the annual cost of
implementing CLOVA Speech is 9,799,042 Korean Won, compared to the existing outsourced stenography cost of 720,000,000
Korean Won, suggesting an expected cost reduction of approximately 98.6% upon adoption of the AI speech recognition model.

Keyword : Automatic Speech Recognition, Closed Caption, Character Error Rate, Cost Reduction, National Assembly
Television, Word Error Rate, Whisper
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Table 1. Average Performance Metrics of Whisper and Google STT®2
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World error rate(WER) 14.9% 17.2%
Total processing time 122min 238min
Processing time per 5.4min/h 10.7min/h
audio _hour

-

¥ 2 Whisper<} Faster-Whisper®] #2] 45L& 1] w3
Aol
E 2. Whisper2} Faster-Whisper S41 Q14! MlIXl H|wm=E
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Table 4. Comparison of Speech Recognition Engines

Faster- Google Speech
Category Whisper CLOVA Speech STT
Confidence | 3V9-10gProb 95.7% 87%
-0.110
Real-time Not Available Available Available
Processing
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Table 5. Criteria for Optimal Speech Recognition Model Selection

Selection Criteria Faster-Whisper| CLOVA Speech | Google STT
WER (5-segment avg.) 32.06% 27.44% 49.70%
CER (5-segment avg.) 10.46% 6.18% 18.57%
Technical Terminology | Partial Errors Recognized Partial Errors

Real-time Streaming | Not Available Available Available
Speaker Identification | Not Available Available Not Available
Auto Punctuation Available Available Not Available
Cost Reduction Free 98.6% Paid
Broadcasting Not Available Available Not Available
Application

E 6.2 24 ol BEo| oF Y u|IE
Table 6. Comparison of Error Types Across Speech Recognition

Models

Model Error Category Reftraerjce Error Type | Error Type
ModelError
CategoryReference ) -~
" Technical o= = - | Substitution
M| 2l SEAlel
TextRecognition Terminology | T {| elsk= | FRAMICIEh= Error
ResultError
TypeFaster-Whisper
Faster-Whisper Proper Noun | A Q& | R¥A| naY SUbé:'r?r“on
Technical o= S _ | Omission
M| 2l SEAM0IY
Google STT Terminology FRAM QIgks | RRAMOILE Error
CLOVA Speech None

** Faster-Whisper: avg_logprob -0.110
Ak exp(-0.110)x100 = 89.6% &, =4 Walo] &2} AY win B4

National Assembly Broadcasting Environment)
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S WEOR o5 dhre] 53t BUR 3] 23] 00 A
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T A gol Aol Aol Anh 53] FEl 24
7Inke] Ao] Beo] AgHof g} Frto] 54471 A
At o skE AgotsiA A2 S Uit o= sl

WER 4.71%, CER 1.08%°] A /&S HAth

Faster-Whisper= OpenAl WhisperE CTranslate2 3171
S8 AFEHH LFE &2 7|9 68%F A7) Thero] H]o]
EIE Agstal vk WE vl Bde] 54 dhsol A
£ go] AgoA CLOVA Speech thH] Atz oz e
A @59 VAD ZE A40 = 37} digo] ¢t
23] AAEJL B 27} 2bg A EE AEE B
t}. WER 7.06%, CER 1.43%E 2435501 o4t glo]
274 @744 A84 77 B
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Fig. 5. Output Results of CLOVA Speech Application
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Fig. 6. Output Results of Google Cloud Speech Application
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Fig. 7. Output Results of Faster-Whisper with VAD Filter Application
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Table 7. Cost Comparison Between Speech Recognition Models and
Closed Caption Broadcasting Budget

2026 Annual Cost per

Category [2025 Annual Cost Cost Minute
CLOVA Cost| 8,837,598KRW | 9,799,042KRW 20KRW

Closed

Caption 1,974KRW
Broadcasting 793,000,000KRW |720,000,000KRW /1. 617KRW

Cost
Budget | 764 162,402KRW | 710,200,958KRW
Savings
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Table 8. Analysis Results by Evaluation Metrics of Speech Recognition
Models

ltem Faster-Whisper | CLOVA Speech | Google Speech STT
WER 7.06% 4.71% 13.33%
CER 1.43% 1.08% 5.44%

E 9% s +7F AT APGEXSTZYH) 23 Faster-
Whisper WER2 32.06%°] 7, CER< 10.46%% YEFST

E 9. 17t 24 oAl ofzie

=
T 24 =4 2

Table 9. Analysis results of speech recognition error rates by segment

Segment WER CER Playback Time
Segment 1 (15min) 31.77% 5.04% 300 sec
Segment 2 (23min) 29.01% 12.64% 300 sec
Segment 3 (31min) 47.27% 16.22% 300 sec
Segment 4 (39min) 27.33% 4.88% 300 sec
Segment 5 (47min) 24.94% 13.50% 300 sec

Overall Mean 32.06% 10.46% 1500 sec

A

— [e]

CLOVA Speech= 1912

F 102 FRE 4= 584 570 B4 23R
$ i

27.44%, CER 6.18%°]Tt}.

National Assembly Broadcasting Environment)

F10. 72 24 ol 371 2 olj2ig 24 gt
Table 10. Analysis Results of Speech Recognition Error Rates by
Segment Across Three Models

Model Name | Average WER | Average CER Segment
Faster-Whisper | 32.06% 10.46% 5 Minutes
5 Intervals
CLOVA Speech|  27.44% 6.18% 5 Minutes <
5 Intervals
Google STT 49.70% 18.57% 5 Minutes <
5 Intervals
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| 2de $Y 23904 ¥La RS
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