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Algorithm 1 Finding and Adjusting Skeleton and Inertial Data Clusters
1: Input: Skeleton data 3., Inertial data 13;, Number of clusters k
2. Output: Adjusted data points with valid combinations i
3: Perform k-means clustering on £, and [); to obtain cluster centers (7, and
(I;,
: Initialize an empty set S to store cluster combinations.
: for each data point (d,, d;) in (1., 1)) do

o

i Find the cluster (¢q, ;) for (d,, d;) in (Cs, C5).
7 Add the tuple (eq,e;) to set S.
& end for

9 Count ocenrrences of each combination in S and sort by frequency to obtain
list, L.

10: Define valid combinations M as the top combinations in L.

11: for each data point (d,, d;) in (1, [3;) do

12: Find the cluster (¢q, ;) for (dg, d;) in (Cs, Cy).

13: if (e.,0i) € M then

14: Add (d,, d;) to 1.

15: else

163 Compute distances to centers ji.,, and p;,, for each combination
(e, m;) in M.

17: Find the combination with minimum total distance dygpa.

18: Adjust (d,,d;) to match this best combination.

11: Add the adjusted point to f2.

20: end if

21: end for

22: Qutput: The adjusted data points K.
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Modality Approach UTD-MHAD MMACct MMAct
(Accuracy) x-subject x-scene
(F1-score) (F1-score)
Inertial SimCLR 72.09 52.89 59.23
Inertial Supervised 76.74 61.22 78.86
Skeleton SimCLR 95.11 75.82 67.80
Skeleton Supervised 94.65 82.50 70.58
Multimodal CcMC 96.04 82.05 79.97
Multimodal Supervised 97.21 84.05 87.36
Multimodal Ours 97.67 84.26 83.84
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