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Root Cause Analysis of Failures in Microservices

via Bayesian Root Cause Discovery .-~ Proposed Algorithm (BRCD)
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| Lemma (identifiability). Under modularity, positivity, for - A1 (e-close plug in): With probability at least 1- high_traffic 000 000 015 027 035 008 031 031 000 000 000 012 008 0.00 0.08
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< with (C(G¥), R) by ranging over all possible +me e 4 Average 048 033 041 062  0.69 0.65 0.67 073 008 006 004 043 044 0.63 0.39
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Theorem (Finite Sample Bound with € robustness). For any
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1 (G, R) is the same as ranking I-CPDAGs.
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\consistent with (C(G?), R)

Lemma. Let G be a DAG and R be a set of root cause
candidates. Consider (G, R) as a joint event. With a
uniform prior on (G, R), ranking the posteriors of
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