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Abstract:  Software self-adaptation (SSA) provides a way of dealing with dynamic environment and uncertain requirement. There are
some literature that transform the dynamic and uncertainty concerned by SSA into regression, classification, cluster, or decision task; and
apply machine learning algorithms, including reinforcement learning, neural network/deep learning, Bayesian decision theory and
probabilistic graphical model, rule learning, to SSA. We call these kinds of work “Machine learning based software self-adaptation” in this
paper. We conduct a survey on the state-of-the-art research about machine learning enabled SSA by firstly explaining the related concepts
of SSA and machine learning; and then proposing a taxonomy based on current work from SSA perspective and machine learning
perspective respectively; analyzing the controlled system, monitor process, control process, learning algorithm, learning-enabled method
under this taxonomy; as well as identifying finally deficiency of current work and highlighting future research trends.
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(plan)-FAAT (act)” Y42 fill [5] 5 (3) K B A 1 35 2 57 W6 1A A4 38 e g L 45 2 SO AR 55l 2 ) S0 45 ) B 0 2 3
Wt R 4% 0 1 5 7 L AR I, A SO FEREAT T R G i £k O,
AL IR R G Bl NG R — Al 2T B R BRI R G G RAT R O K
(EEINEESE SRS i 1% 2B iR S D LTS AR = e N b 4 2 N U 28 e NI T 25 7 N R 1
3 L S LR AU (1) 7E TS /b 4580 i (domain: knowledge) IR 5L, 2% =1 H i 2 14 BiE 22 R 1) 13 1 3
WS 5 (2) 5 0 o 0 O R AR R R AR AR G & AT b B i AR R L AR AR A s 2 AT 4 e L H T e
AN AR FENL AR 2 ST WK RE A BPE 2R 48 B & B, BB B A 3 AN TR SR R AR R AN (7] B 3 ) A o 52
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Fig.1 Constituent parts of a self-adaptive system: control theory perspective
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Fig. 2 External characteristic layer of software self-adaptation
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Fig.3 Architecture layer of software self-adaptation
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Fig. 4 Functional component layer MAPE-K control loop of software self-adaptation
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Fig.5 Feature model of self-adaptive software system
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Fig.6 Goal model from machine learning perspective
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88 0 P1 P4 L3 Cl1 M1 M2 G1 G3 R1R5R6 D3 El V3
104 E 0 L1L6 Cl1 M1 M2 G3 R1R2R3 D1 E2 V3
120 0 Pl L6 Cl1 M1 M2 G3 R1R5R6 D3 E3 V2
121 0 P1P2 L3 L6 C3 Ml G1 G3 R1R6 D3 El V3
94 0 P1 L1L6 C3 M1 M2 G3 R1R2R3 R6 D1 E3 V3
96 E 0 L1L3 Cl1 M1 M2 G1 G3 R1 R4 R6 D1 E3 V3
122 E 0 L3 L6 Cl1 M1 M2 G3 R1R2 D1 E2 V3
58 0 P1 P4 PS5 L2 L6 Cl1 M1 M2 G1 G3 R1R2 D1 E2 V3
74 0 P3 L6 C3 Ml G1 G3 R1 R4 R6 unknown El V2
75 0 Ps L6 Cl1 M1 M2 G3 R1R2 D3 E3 V2
5 E 0 L1 Cl1 M2 G3 R2R5R6 D1 El E2 V3
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