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Abstract

Innovatively introducing reinforcement learning techniques into clustering algorithms, this re-
search aims to address two major challenges faced by traditional clustering methods: the uncer-
tainty in selecting initial cluster centers and the high time complexity caused by the Euclidean
distance metric in sample classification. By introducing the reward-punishment mechanism of
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reinforcement learning, this paper designs a behavior selection strategy based on an “agent,” ef-
fectively replacing the traditional Euclidean distance calculation process. This approach elimi-
nates the potential impact of initial cluster centers on the stability of the algorithm and signifi-
cantly improves the convergence speed. A novel clustering algorithm based on reinforcement
learning is proposed, which not only rigorously proves its convergence mathematically but also
demonstrates significant advantages in practical applications. Through numerical experiments, it
is verified that the algorithm achieves significantly higher clustering accuracy compared to tradi-
tional methods, while also exhibiting superior algorithm performance. This research is of great
significance for improving the efficiency and accuracy of data processing.
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Table 1. Q represents the meaning table

®1LQRTER

S a a ax

S1 q (s1, a1) q (s1, &) q (S1, &)
S2 q (s2 a1) q (S &) q (S2, &)
Sn q (Sn 1) q (Sn a2) q (Sn &)
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Table 2. RLC algorithm process steps
#*2.RLC BEERESE

%k RLC &%

HiN: BUUR4E Data_ori. BEEHT K. S RIEAR B Max_iter. XI5 EE B AL M Stop; #H: REAFTIES
RMIFRZ Label.

IR L BIPIUGEAS, Agent i K-means++5 5B BFAT A, RN THE &SRB PN,
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N Lo HEFHATH, GIN -t 2EENE, Agent UL o MIMERIEF R RBUENT NI “FIH” , L1 — ¢
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Table 3. Accuracy results of cluster algorithm experiment
3. BABETIWEMRERSE

B4R Ui’ K-means #ERf % K-means++k fifg % FCM /i % RLC iR
Oenterprise_nk D1 0.8663 0.9151 0.9215 0.9321
Liris D2 0.9017 0.9692 0.9212 0.9513
2zsweatherl D3 0.8726 0.9026 0.9326 0.9152
3jhweather3 D4 0.9052 0.8827 0.8923 0.9652
4sensor0 D5 0.7923 0.8724 0.8826 0.8923
5vegetable_vir D6 0.7723 0.7326 0.7523 0.7982
6provision012 D7 0.7513 0.7966 0.8152 0.8235
7degree D8 0.6623 0.6525 0.6895 0.6826
8bid_set D9 0.6922 0.7523 0.6925 0.8236
9med_refer D10 0.6529 0.6328 0.6513 0.6613

Table 4. Experimental dataset and Q-table initial values table
4 IWBERER Q RYMAKER

EVEITE S I > HEAYE Yz ek (CRSE) Q KAIH
Oenterprise_nk D1 53 9 3 1/3
Lliris D2 150 4 3 1/3
2zsweatherl D3 180 6 19 1/19
3jhweather3 D4 198 6 18 1/18
4sensorQ D5 223 4 2 172
5vegetable_vir D6 233 2 4 1/4
6provision012 D7 268 2 5 1/5
Tdegree D8 295 5 3 1/3
8bid_set D9 369 3 5 1/5
9med_refer D10 658 3448 11 1/11

2ok ATHINR 10 MEHEEE, ARSI SiiE T A HIRISAT 100 IRECFAERER, FRRBHERRY K =45 DA
HatERER. 3 AT T RLC #3755 K-means. K-means++A FCM {E#ERHZE 5 TH FIE04E, B
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