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Introduction Our Proposed Approach: FPED Ablation Studies
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Understanding fast, frequent, and fine-grained (F°) events 1s crucial for Video Encoder (VE) - Frame-wise > clip-wise: dense sampling is crucial for fast actions.
. . . : . — HXW X3XN
video analytics but remains underexplored. Extracts frame'?me features: £ = VE(X), where X' € R * Multi-label > multi-class: better handles long-tail event combinations.
* Applications: sports analytics, surveillance, autonomous driving... * Event Localizer (LCL) . CTX (BiGRU) improves sequence validity and accuracy
* Challenges: subtle visual cues, motion blur, dense and precise timing. Predicts event probabilities per frame: (py, Bz, .., Pv) = o(LCL(F)) + Longer clips help but with diminishing returns
. * Multi-label Classifier (MLC) ) ) ,
= . R o L * Stride size matters: larger strides hurt performance.
g Predicts event types: E; = J(MLC(ﬁ)) = [ei,l,ei,z, ...,ei,K], é;j €10,1]
g * Contextual Module (CTX) F*Set (Ghign) F*Set (Gmid) F*Set (Giow)
X - A ) Refines event sequence: (Eq, Ey, ..., Ey) = CTX(EL E,, ..., Ey) Experiment Flevt Fleim Edit  Fleve Fleym Edit  Flewt Flewn Edit
E ® near-court ’." e far-court "‘. ® near-court e far-court ® near-court i TSM + E2E—Sp0t 314 71.4 687 395 72.3 77.9 606 78.4 82.1
: s o deuce i a o deuce ad ' @ middle ‘ i o deuce i 1 e ad !
- i ® serve e return ® stroke e stroke l o stroke | Event Localizer ] (a) Feature extractor
= ! ° - e backhand e forehand e forehand e backhand i )‘ | ( ) )l Contextual Module (CTX) I > 1 (E , T . .
S i e towards T area e down middle ® cross-court e down the line S| e cross-court '5\ (LCL) ( : 1) 3D [3] (CllijISe) 22.7 29.7 68.7 27.1 60.7 74.2 >1.9 67.7 78.3
| o o g5 o g5 o o5 e volley . 2 ST ! (Eoq, t2) VTN [52] (video transformer) 14.8 58.3 56.7 20.0 594 68.2  39.7 63.1 73.1
; .- .- e approach the net .- .- ' 2a T T T 11 ‘ : | (B, ) ST-GCN++ [17] (skeleton-based) 254 621 561 324 639 635 551 694 732
| e inbound e in bound e in bound e in bound ® winner o 2 ty t2 t3 ty-1ty : PoseConv3D [18] ( (skeleton-based))  20.1 545 532 260 554 619 4838 63.0 69.7
s . L (B, tar 1) (b) Stride size = 4 259 692 627 334 699 730 600 779 788
Video Clip / Multi-Label SN Stride size = 8 140 567 443 185 574 548 404 670 592
Classifier (MLC) .. . R — (Ear,tar) .
B, B, By By By | (¢c) without GRU 276 690 606 380 713 753 547 741 734
3 (d) Clip Length = 32 263 674 545 355 694 718 532 751 689
F~Set . | | Clip Length = 64 307 712 674 386 724 775 584 779 811
; . . . Experlmenta Results Clip Length = 192 293 703 657 373 714 770 588 771 804
A .
Badminton| [ Tonnis Double Tonnis Single Tuble Tonmis () Multi-label 379 743 717 459 756 80.1 666  80.1  85.1
Evaluation Metrics (f) Multi-label + CTX (Transformer) ~ 39.0 743 728 505 755 81.8 634 796 86.8
I I I o , Multi-label + CTX (BiGRU) 403 752 740 480 765 824 684 800 87.2
v v v v v * FI score (event & element level): Measures precision and recall of predicted events.
scy sc2 sc3 scq scy scg sc7 scg ' T . o
v L e | . —— [ y [ « Edit score: Sequence-level similarity using Levenshtein distance. . o ” . 399
A 4 . Y ) A 4 . . . . . —
[near][ ar] [deuce][ad] [mid][ jh] [bhl [serve] Lreturn][stroke] T|-- |10 [gs’] Llob] [appr] inl... [W{e‘ * Temporal tolerance: F1 scores computed with 1 frame tolerance for precise localization. Genel’ahzablllty to Seml F Data
far _deuce - serve T - apr in near_ad_bh return DL slice - fe | ... Annotation Baseline Models .
' ‘ Sub-class * Video encoders: TSN, 13D, VTN, SlowFast, TSM. * F3ED performs well on other domains: badminton, diving, gymnastics,
' ‘ . ‘ Element * Head architectures: MS-TCN, ASFormer, G-TAD, ActionFormer, E2E-Spot. soccer, pipe inspection.
VideoClip . .- Results & Analysis
‘ . Foont
| 1 I ' - , y , , ShuttleSet [66]  FineDiving [69] FineGym [58] SoccerNetV2 [11]  CCTV-Pipe [42]
* Capturing fine-grained temporal cues matters more than encoder complexity. Head arch = i ey e > - —
* Over 1,000+ event types, timestamped at frame-level granularity. . ) : : _ : car e evt : evt : evt = evt : evt :
. . | ’ | | E2E-Spot (GRU) head module outperforms, offering efficient long-term modeling. MS-TCN [19] 03 a4 657 932 56 653 434 >y P 13
 Multi-domain: Tennis, badminton, table tennis, etc. * F3ED consistently outperforms all baselines across F1 and Edit scores. ASformer [71] 55.9 70.6  49.9 87.6 536 663 463 76.1 15.4 33.4
, , G-TAD [70] 482 611 521 826 458 514 423 723 313 336
* Multi-level granularity (Gyoy, Gigs Ghign) FSe (G St (G et (G ActionFormer [72] 62.1 675 683 924 540 597 430 646 188 295
. . . © Mrhigh & \rmid © Mlow E2E-Spot [24] 702 750 758 937 621 654 462 729 272 352
Datasets #Vid. #Clips. Avg. ClipLen. #Classes Evt.Len. #Evt./sec Video encoder  Head arch. Fleyt Flepn Edit  Fley: Fley, Edit  Fley: Flen,  Edit 3
F*ED 707 771 716 951 709 707 48.1 76.6 370 395
(a) Fine-grained Fine-grained Fast Frequent TSN [64] MSf—TCN [19] 15.9 29.8 535 232 2(6).9 25.555 45.7 20.4 72.8
. . ASformer [71] 11.9 43 498 173 1 625 403 73 703
imt‘?Afthont [Etll]] - }g’ggi 1‘1‘2-33 ;8(1) 469-923 00631 G-TAD [70] 60 475 247 141 521 486 199 574 447
cuvitylINe - ) 18 -4£S : ActionFormer [72] 18.4 60.6 552 248 619 673 48.7 70.6 722 ‘ N ] . .
FineGym [58] 303 32,697 50.3s 530 1.7s 0.3 E2E-Spot [24] 247 653 601 315 662 710 535 736 750 Real' OI’ld Apphcatlons
(b) Fast SlowFast [20]  MS-TCN [19] 172 63.1 562 243 655 703 474 731 735 .
CCTV.Pipe [42] 575 s 5493 6 “ o1 0.0 ASformer [71] 141 608 553 203 628 694 448 729 719 Serve & Return Patterns On-the-run returning an approach shot
N oy S - G-TAD [70] 230 661 640 296 665 742 533 760 779 T E—————— ; .
SoccerNetV2 [11] 9 9 99.6min 12 < 0.1s 0.3 ActionFormer [72] 287 700 676 355 709 764 593  77.1 815 PR e s N ey
(c) Frequent E2E-Spot [24] 259 694 657 338 704 754 555 765 795 Iy
FineDiving [69] 135 3.000 494 9 1 1s 1 13D [5] E2E-Spot [24] 227 597 687 271 607 742 519 677 783
VTN [52] E2E-Spot [24] 148 583 567 200 594 682 397 631 73.1
(d) Fast & Frequent TSM [35] MS-TCN [19] 217 673 586 304 695 730 502 740 753
ShuttleSet [66] 44 3,685 10.9s 18 < 0.1s ~1 ASformer [71] 176 619 575 255 640 742 460 729 740
P?ANet [3] 200 2,721 360.0s 14 < 0.1s ~2 G-TAD [70] 16.9 625 552 298 669 748 3938 70.1  67.2
ActionFormer [72] 224 657 603 310 682 747 524 738 749
(d) Fast & Frequent & Fine-grained E2E-Spot [24] 31.4 714  68.7 395 723 779  60.6 784  82.1 S
F~Set 114 11,584 8.4 1,108 <0.1s ~1 TSM[35] F°ED 403 752 740 480 765 824 684 800 872 —
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