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Abstract: A generalized fixed-point solution model was proposed to address the question of what kind of reinforcement learning
fixed-point solution was better. This design employed the extension of fixed-point solutions using n-step bootstrapping and
constructed fixed-point solutions based on linear interpolation. This design was applied to the mature CBMPI algorithm framework,
introducing the CBMPI(7n,B) algorithm based on generalized fixed-points. Addressing the issue of expressing and approximating the
optimal solution, optimization of parameters for generalized fixed-point solutions was proposed based on Bayesian optimization, and
higher-quality solutions through ensemble learning were suggested. The effectiveness of the proposed algorithms was verified in the
classical 10x10 Tetris game environment. Experimental results showed that the generalized fixed-point construction based on linear
interpolation had outperformed the traditional n-step fixed-point method, and its performance was significantly associated with
hyperparameters such as the step length n and interpolation parameter 8. Over 100 games of Tetris, an average score of 4 388.3 was
achieved, which indicated that Bayesian optimization techniques could identify multiple sets of outstanding strategies. By integrating

strategies from four sets of outstanding generalized fixed-point parameters ( results from Bayesian optimization techniques) and
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integrating value functions, higher-quality solutions were obtained. Average scores reached 4 526.29 and 4 579.74 respectively,
which demonstrated that policy ensemble based on generalized fixed-points and value function ensemble based on generalized fixed-
points marginally improved scores compared to other generalized fixed-point policies. This confirmed the potential of ensemble
learning to discover higher-quality solutions.

Keywords : reinforcement learning; value function approximation; fixed point; Bayesian optimization; Tetris
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Holes FLAYECE (B8 — S S E S AT
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Table 2 Several groups of 8 with high performance in generalized fixed points and their corresponding average scores

ik o Jrik o
" XRBE (n=5, B=0.41) 4 006.81 " XARBE (n=2, B=0.53) ed3 319.265
JTXAREE (n=T7, B=0.21) 4138.49 JTXRBE (n=4, B=0.24) 2458.4
XA (n=8, B=0.93) 4 154.41 XA (n=6, B=0.12) 2 477.875
I YUARB A (n=5, B=0.72) 4 388.33 I AR (n=8, B=0.95) 3233.59
I XUARFE (n=5, B=0.36) 3 154.14 " XARBE (n=3, B=0.67) 3 346.01
M2 2 PATLIE H 7E n=5,8=0.72 B}, VP50 8Ok 4 388.33, 4540 iy , FE 42 T R AT LB H |, L

n=5,8=0.72,
n=5,8=0.72, ) XS pSUE L X R A 18] 48 S ECF SR S50 3R 3 Fiw
B3 TSRS AR 4 S 9 U 5 R S 2

Table 3 The results with the highest generalized fixed point score corresponds to
the regression parameters and strategy parameters

FRAE WAL SRS ALTE FRAE WAL SR WAL

Landing height -0.027 6 -3.145 4 Rows/holes -0.475 8 -10.350 2

Erode piece cells 0.347 6 1.4259 Diversity 0.0515 1.387 2
Row transitions -0.046 0 -2.450 7 RBF1 0.822 4
Column transitions -0.048 5 -1.283 0 RBF2 2.856 6
Holes 0.090 3 -2.805 9 RBF3 2.886 8
Board wells -0.013 6 -2.125 4 RBF4 3.718 4
Hole depth 0.007 5 -1.256 3 RBF5 4.842 6

H:: ZHCRBF1~5 TAMREE RAETH LM R B D A
TD A3 (CBMPI) \BR Bl ) A B R foe i 3 70 BN 4 s, thk 4 L ARS8 th iy
] XANB R R BERS L CBMPL A 913 73 =t 903.57 70, UG T ANFEIHEIE . ) A S TD
BN BR NS n T7 A ERIDLRT, BERS A DR (i 22 [ AURIS D IR 22
%4 TD R BR B RS i e P43 00 e

Table 4 Comparison of the highest mean scores and standard deviations of TD fixed point, BR fixed point,
and generalized fixed point

Ik o
TD A 3Jj £ (CBMPI) 3 484.76
BR )8 3253.51
"X AFE(B=0.72) 4 388.33

X BRI RAF ) 4 SRR A A ORI R R A, IR A5 R IR 5
5 REME pR B R E PR R T 2

Table 5 Strategy functions integrate mean scores and standard deviations with value functions

Wi H SR 1 S5 2 SR 3 SR 4 TR K, {H PR AT
SR 4% 4 006.81 4 437.16 4 138.49 4 154.41 4526.29 4579.74

AR, ] AR B TATAT— A S RO SR, 285 5w 2 UMM R B8R B 191249 70 BOR A
/IR REAR 7, AT LR W B R BB GRS ) T VR AT Z AR T vk

4

mE
C%.

LR (EL PR 7 R — Al L T s BGE T I ELeR BT Tk, TSR Ao ~) P (6 R B REB AR WL 46
B, X AE AT R AR H RME . AN Bh B D Qe v G DL 2 PR (R BB I T — R A Rl
S WSt bR KA A (L PR RS SR A A (L R R A T A O T3 3R WS eR B AN Bl TR, e i
AR, AT UGB AL 8T AN Bl 4 21 B VA A (B R RS THAG A BUA Y SR AL 5 ) AN 3 s i 3 A e
DU HLIITFAEAS H BRI S A A2
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