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timize rewards. CBTune leverages domain-specific knowledge by integrating
contextual data into the MAB model, enabling progressive decision-making de-
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Table 2. CBTune v.s. FlowTune in 6-LUTs Optimization.
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| | t6: Update the parameters A,, and by, of the chosen arm a; by results and fast runtime, without training data or complex procedures.
LIﬂUCBa = E(G’m) -+ OéSTD(a/‘w) 17 Aat — Aat -+ Lt a; L g, bat — bat + ot qp

(1)

18: end for
19 Qpest < Q.

T —1
0, + o/ xT AT . References

1st term: Estimated Payoff 2rd term: Upper Confidence Bound

Return-back Mechanism To amend suboptimal decisions stemming from a
lack of historical data, we allow CBTune the capacity to “regret” by record-
iIng synthesis results in a hash table. This allows CBTune to compare new
results with past decisions and, if necessary, return to a crucial step to res-
elect a better arm, thus improving decision quality.
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