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From raw reads to clean data Results
CAPO turns raw paired-end sequencing libraries into ML-ready protein
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CAPO  canonical 201-aa RBDs (2.61M) 99.83% $6.88
gen. agent short fragments (79-167 aa) 0.00% $7.09 Figure 2: CAPO beats a naive baseline, an ML-expert pipeline and a general coding agent on (a) aggregate and (b) per-species MCC. Its pre-launch gate eliminates failed GPU trials, (c) cutting

“Match” = agreement with an independently curated gold set of full-length RBDs. The general agent stops at read merging, so its fragments cannot match the gold sequences. cost per successful run from $25.30 to $17.09 and (d) GPU time by 57.4%.



