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Abstract: In online learning environments, bullet comments (danmu) integrate real-time user discussions with video
content, offering valuable data for analyzing learners' states. However, existing analysis methods rely on traditional
machine learning frameworks, neglecting semantic features and temporal information. This paper uses the BERTopic
model to mine topics from bullet comments in Bilibili learning videos, exploring their distribution, discussion direction,
and evolution. Results show that bullet comments aid knowledge construction, emotional support, and reflect learners’
needs and emotional shifts. These insights provide valuable guidance for optimizing online learning resources,
enhancing teaching design, and improving teaching quality.
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B HEWFRIIEL, ALELFAILL AL T T AEE. RBELZRFERLERAEEA LK,
RAEER 1M FIFZ T 2T RG220 NP L EMA 20 NELEM, TAHTAANDBLH LA
HMABRFRHEAS, FTREMES. RAHGEADS ARG —ARFIEE R LT, XL URE
BALE R ARE A, P LR TopicO EAL49 LA & Hbik ) 66.6%, H 454835 R AR 4 Aot
RIGF ] HELARPIFF LB FiE, SHF N BRI ES, 2L A+ TopicO & Fbik ] 90%,
EFEBRABZKRSZHF AT EMHELE B, PR Topic0 98, FRLHE A FTAMRAE LK,
1248 5iRAZ A A X85k A A K& M, 1E9 T BERTopic #2469 A i,
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Z AR G| 2% R A g K FEHRE o

WS A &4 AE 7] T A 3 L F M &I R &
1 t

TO (VTN 2/53)) 66.6% TO (dz/log/softmax) 90.7%

T1 (JEM%/T &) 4&) 5.2% T1 (relu/leaky/convolution) 1.2%

T2 B/ K/ 5 3.8% T2 (batch/miniset/sgd) 1.1%

T3 (GGP2 R % /4% T/4FIE)  3.0% T3 (filter/fl/kernal) 1.0%

k1

P E A & A AT 9] MR E R FTAMKREH] R G
74 1

T4 (pE/MEZ E/BHELEE)  21% T4 (padding/jpg/markdown) 0.9%

T5 (F @/ H/1848) 1.6% T5 (sigmoid/mnist/jio/bv) 0.7%
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T6 (FEL M/ HF/EETHE) 1.6% T6 (dropout/value/predict) 0.6%
T7 (RIB/RIFBLEM/FIEE)  1.5% T7 (dont/worry/woory) 0.6%
T8 (B4/55i%/i%F) 1.4% T8 (nlp/idf/tf) 0.4%
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T10 (ERa/n RE/RE) 1.3% T10 (bug/debug/problem) 0.3%
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4.2. ZA71HZHRA
RFBCIRANE 2, R TFRZMMEFBERREFIRRLIETET . B4HFLEA
RELR, RFERRERE 20 AP L EZAEHATHEBELE, RES. RHDE. EHFE 54
BZR%, RJEMEH X, BB EBEEL, MEAIBFLATR. LAFEEFESVERL,
HHERRA R R BEMNEEEZF TN TR REES. AATFEBMERTI BT
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B4FXLEMEARERE

SFELEAMMOFRER 4R S T, FELEAT AEA A K HH (loss function) . A 19
t£4% (Back Propagation) . KX (Debug) . KA F IR AIER (TensorFlow) . A&
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Topics over Time
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