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Precise Event Spotting (PES): accurate localization of events (1) Feature extractor (3) Prediction head . T
, o , | Jump take-off * Rank-loss problem in Transformers token similarity increases across layers,
represented by single keyframes within untrimmed videos. L frames A _ | Background Background Jump take-off Background __Background osing discriminabili
Requires a small margin of error, with tolerances of 1 or 2 frames Wil e D s TR H osing discriminability.
. coin take-off J ’ Spin tanding | 40 T e T §+0 * SGP layers have the lowest similarity effectiveness in enhancing token
Class: background jump t;i;é off jump take off Jum;:gake—off background dISCFImInablllty
m m /—\ ﬂ mA * Improved discriminability in SGP layers best performance among the different
temporal modules.
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3 main challenges: [RLxd SGP layer ] > [ SGP-Mixer layer RLxd} 0-95 0.95
(1)-Need for discriminative per-frame representations to Max-pooling z 090 z
differenciate between adjacent frames with high spatial similarity. 2 [R%M SGP layer ) . [ SGP-Mixer layer R%X@ E ZZZ | E .
(2)- Necessity of high output temporal resolution to avoid losing = Max-pooling £ 05 > -%OSO
prediction precision. ) E E ” 070 e Te
GRU 0.75 GRU -
(3)- variability in the amount of temporal context required for Rifrx<d  SGP layer ) = - [ SGP-Mixer layer p oz xd_ ZZZ er ] 0.70 =
. . . 1p connections . 1 ; ; - ; n . . 7 | . . | | | . .
different events, depending on event dynamics. v 1 Max-pooling \ ’ ; BB PE Ll L2 L3 4 L5 L6 BB PE L1 L2 13 4 L5 L6
(2) Temporally discriminant L /‘ a) FineDivin b) FigureSkating (FS-Com
I III-- -I- encoder-decoder *[Rk_BXd SGP layer ] (a) J (b) Fig 9 P)
o | . SGP-Mixer Layer FS-Comp FineDiving
N EEENE DRI * Feature extractor comprising a 2D backbone with Gate-Shift- y—— - (SGP-Mixer —~(SGP Layer }—~ Experiments mAP (§ = 1) mAP (5 = 1)
Action frame L frames L frames Fuse (GSF|)|[ ];nodules to generatedper;lframde represhentatiorl;s. | Tew? | Importance of using multiple temporal  (p) skip connection
* Temporally discriminant encoder-decoder with SGP-base ’ scales. w/0 74.29 63.01
layers to enhance discriminability across tokens of the same SGP-Mixer Module Skip connections through SGP-Mixer lead igglcat ;2% g(l)ég
. , , , sequence. _( AvgPool , N | |
(1)- We incorporate residual connections into the SGP[3] layer, 1 | . . rd ety to best results SGP-Mixer (sum) 76.88 61.34
, | | | Encoder blocks: SGP layer and max-pooling operation to | SGP-Mixer 77.96 63.67
enabling the integration of features from multiple temporal . . - ro | -3
I 9 ing in the SGP-Mixer | reduce the temporal dimension. | X
>Lales ant FesURing in the TVIXERIYET | Decoder blocks: SGP-Mixer layer and upsampling to increase Avindowdevel (7 Gom,, ) :
(2)- We introduce the SGP-Mixer module within the SGP-Mixer layer, . . e (o) 1 !
ich adapte the SGP ule t (o inf con f the temporal dimension. i v —é ) |
which adapts the module to aggregate information from . - L T ! - | . i iVi _ i
e teI?n il enhangi% ?oken faliieaiand - Prediction head consisting of a classification component to - (Gomra) 3 i .In the FineDiving dataset, T D.EED outperforms the SOTA for both tolerances, with
P . . 9 Y differentiate between actions, and a displacement component to Shortewt pe—— 'mprovements Of.+4°87 on the tight metric and +3.58 on the loose One. | |
(3)-We conduct extensive ablations of T-DEED components and binpoint the exact temporal position Shortcut [ Cpueat. -In the FigureSkating dataset, T-DEED outperforms the SOTA on the tight metric, while
achieve SOTA performance on FigureSkating[1] and FineDiving|5] :':'['C'O:;;j:; """""" | ‘ performance on the loose one is comparable or slightly worse.
datasets. . . . — ! T LA o~ e e e LN
* SGP-Mixer module comprising two instant-level branches and : ,[convrw]_ﬁ Q? : FS-Comp FS-Pert FineDiving
two window-level branches. j - ( Conve )| Model Size [nput o=1 2 1 2 1 2
[1]- Hong et al. Video pose distillation for few-shot, fine-grained sports action recognition. Windowzlevel 2 ~
(1cCv'21) Instant-level branches: to increase token disciminability. (e & E2E-Spot[ 2] 200MF RGB 831.00 93.50 85.10 95.70 68.40 85.30
2]- Hong et al. Spotting temporally precise, fine-grained events in video. (ECCV'22) Window-level branches: to aggregate information from both ; E2E-Spot| 2] S8OOMEF RGB 384.00 - 383.60 - 64.60 -
3]- Shi et al. Tridet: Temporal action detection with relative boundary modeling. (CVPR'23) : : : : _( AvgPool E2E-Spot[ '] 800MF RGB + OF 340 9490 8330 9600 6640 84.80
Sudhakaran gt aI..G.ate.—shift-fuse for.video action recognition. (PAMI) | | InPUtS while Capturmg different temporal contexts. — @HRGL[} T-DEED Y00MF RGRB 85.15 9170 8679 96.05 7148 87.62
|- Xu et al. Finediving: A fine-grained dataset for procedure-aware action quality Gnterpolation] T-DEED RO0OME RGRB Q177 928c 8817 9587 7323 88.88
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