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Figure 1(a). A conceptual overview of TACTFL. On each client, encoders are updated In Cont.raSt to canonical SUpeNI§eq FL, where local models are Table %: Accura.cy.under Var}-llng il
using temporal contrastive training (TCT) on unlabelled multi-modal data, while task heads Superwsed by the same label distribution and tend to produce Ing label and missing modahty rates, r; and r,,.
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Central Sever on local data using contrastive objectives, the resulting representations
X A o T can diverge significantly across clients. Table 5: Effect of temporal window size on
NN Task Head \ performance (accuracy %).
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