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| Task and Challenge

* Task: Temporal Action Segmentation (TAS)

Untrimmed Procedural Video
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Try to get smooth results, there are models with main trends:
1) multi-stage model: stack several models for refinement
2) Post processing refinement: global review for refinement



Task and Challenge

* Challenge: High computational cost

Accuracy vs. inference time on 50Salads
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() Better performance but with longer inference time
(L) Try to get a trade-off between the efficiency and performance



Task and Challenge
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(1) Long-form Input

Untrimmed videos in TAS often
include tens of thousands of frames

Dataset i video | #segments | segments
length(min) | per video | length(s)
GTEA 1.24 - 31 2.21
50Salads 6.4 : 18 36.8
Breakfast 2.3 I 6.6 15.1

cost

(2) Heavy Model Structure
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| Contribution

* How to get a trade-off between the efficiency and performance?

* Reducing the temporal dimension

* transform the long-form video into a sparse representation via Transformer based model

* Minimize the running time

 employ a single-stage model : Frame-wise supervision into segment level supervision

* an appropriate post-processing method: query based voting



| Method

* Framework
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Overview of BaFormer architecture. It predicts query classes and masks, along with
boundaries from output heads. Although each layer in the Transformer decoder holds three heads, we
illustrate the three heads in the last layer for simplicity.



| Method

* Framework
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(1) Frame-wise Encoder-Decoder

Linear
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Frame-wise Encoder-Decoder: preserve dense information essential for our
model’s functionality



| Method

* Framework
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Transformer Decoder: compress video sequences into sparse representations via

gueries
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* Framework
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Output Heads: generate query classes, query masks, and class-agnostic boundaries



| Method

* Framework

Ground truths
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Training: Match the outputs of queries with action class-mask pairs, the apply losses
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(c) Instance Match
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Given an example video including ordered action [as3, as, a1]
from a dataset with all action classes {a; }?_,
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Training: Match the outputs of queries with action class-mask pairs, the apply losses
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* Framework
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Inference: derive the ultimate segmentation outcomes



| Method

* Framework

Algorithm 1: Boundary-aware Query Votng ~ pTToTmoooooooooooooos :

Input: Probability of query class—mask pairs: {(p¢, p)}2Z,, where p¢ € RX*! p™ ¢ R”; Boundary
probability: P® = {p?}7_,, where p} € R is the boundary probability in the ™ frame.
Output: Frame-wise segmentation: S € R” .

Initialize S € R” with all zeros

1 |

2 C < {cls;|cls; = argmax(pS[: K])}M, i I I

3 B ={b;};2% « sort({1, T} U{t|(p} > p}_1)&(®} > pi11),1 <t < T}) | . Segment
a fori=1,2,...., Ny —1do : results
5 forj=1,2,..., M do | '

6 | wij =P} [bi : biya] I Boundaries :

7 end : | | | 1] E

8 | k=argmax;({wi}}L) T :

9 S[bi : bi+1] = clsg @) Inference

10 end

Inference: derive the ultimate segmentation outcomes



| Experiments

 Comparison with state-of-the-art methods

S Method Yr Time FLOP | Param GTEA | 50Salads | Breakfast
(s) (G) ™M) F1@{10,25,50} Edit Acc. | F1@{10,25,50} Edit Acc. | F1@{10,25,50} Edit Acc.
MSTCN [15] | 2019 0.094 4.59 0.80 858 834 698 790 763 | 763 740 645 679 807 | 52.6 481 379 617 66.3
SSTDA [7] | 2020 0.173 9.37 0.80 90.0 89.1 780 862 798 | 8.0 81.5 73.8 758 832 | 750 69.1 552 737 702
BCN |43] | 2020 0.152 73.54 12.77 885 871 773 844 798 | 823 813 740 743 844 | 687 655 550 662 7704
HASR [1] | 2021 0.217 29.02 19.17 909 886 764 875 787 | 8.6 857 785 81.0 839 | 747 695 570 719 694
DTGRM |41] | 2021 0.261 3.75 0.73 87.8 866 729 830 776 | 79.1 759 66.1 720 800 | 68.7 619 46.6 689 68.3
';'; ASRF |21] | 2021 0.163 7.43 1.30 894 878 798 837 773 | 849 835 773 793 845 | 743 689 56.1 724 67.6
= Gaoeral [17] | 2021 - - - 899 873 758 846 785 | 803 780 698 734 822|749 690 552 733 707
§ ASFormer |45] | 2021 0.359 6.66 1.13 90.1 888 792 846 797 | 8.1 834 760 796 856 | 76.0 70.6 574 750 735
UARL [6] | 2022 - - - 927 915 828 88.1 79.6 | 8.3 835 778 782 841 | 652 594 474 66.2 67.8
DTL|44] | 2022 0.403 6.66 1.13 - - - - - 87.1 857 785 805 869 | 788 745 629 777 158
RTK [22] | 2023 - - - 912 906 834 879 803 | 874 86.1 795 814 859 (769 724 605 7T6.1 733
LtContext [2] | 2023 0.202 8.31 0.66 - - - - - 894 8777 820 832 877|776 726 60.1 770 742
DiffAct [32] | 2023 2.306 43.94 1.21 925 915 847 896 822 | 90.1 892 837 850 889 | 80.3 759 646 784 764
KARI [18] | 2023 - - - - - - - - 854 838 774 799 853 | 788 737 60.8 77.8 74.0
o UVAST [3]1 | 2022 0.577 3.86 1.27 77.1  69.7 542 90.5 622 | 8.2 812 704 839 795 | 767 700 566 772 682
=0 UVAST [3] | 2022 | 480.888 3.06 1.10 927 913 810 921 80.2 | 89.1 876 81.7 839 874 | 769 715 58.0 77.1 69.7
E’E) UVAST? [3] | 2022 1.765 3.86 1.27 829 794 647 905 698 | 889 870 785 839 845|769 715 580 77.1 69.7
BaFormer — 0.139 4.54 1.63 920 913 835 887 830 | 89.3 884 839 842 895|792 749 632 773 76.6

Table 6: Performance on GTEA, 50Salads, and Breakfast datasets. In terms of running time, BaFormer
outperforms all methods except MSTCN. As for accuracy, BaFormer achieves comparable or better
results. UVASTT, UVAST, and UVASTH? represent UVAST with alignment decoder, Viterbi, and
FIFA. All FLOPs and running time are evaluated on 50Salads using the official codes in a consistent
environment. We omit the running time and FLOPs on GTEA and Breakfast for simplicity as they
are proportional to video length.



| Experiments
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Figure 5: Different matching strategies. Given an example video including ordered action [a3, a5, a1]
from a dataset with all action classes {ai}:?zl, (a) and (b) are fixed matching, while (c¢) is dynamic
matching.

FLOP| Time | Para F1
(G) (s) M) @{10, 25, 50}

Ordered Class| 19 | 3.74 | 0.136 | 1.49 | 88.1 87.0 835 827 879
Transcript 26 | 423 |1 0.144 | 1.63 | 563 551 482 545 598
Instance’ 26 | 423 {0.144 | 163 | 853 846 799 798  86.1

Instance 100 445 0.139 163 | 89.3 884 839 842 895

+0.71 [+0.003 |+0.14 | +1.2 +1.4 +0.4 +1.5 +1.6
+0.22 | -0.005 | +0.14 | +33.0 +33.3 +35.7 +29.7 +29.7

Match #Q Edit Acc.

AInstance—Ordered-class

AInstance—Transcript

Table 1: Comparative analysis of matching strategies on 50Salads. (#Q: number of queries.)



Experiments

* How well would our approach perform if we had perfect boundaries?

Method | Time(s) | F1@{10,25,50} Edit Acc. Boundary | F1@{10,25,50}  Edit Acc.

NMS 0.138 | 89.1 884 84.0 838 89.1 Predict | 89.3 884 839 842 895
peak 0.139 | 89.3 884 839 842 89.5 GT 91.8 91.8 902 883 959

Apeak—Nms | +0.001 | +0.2 0 -0.1 +04 +04 AGT—predict | 2.5 +3.4 +63 +4.1 +6.4

Table 4: Different strategies on boundary generation Table 5: Performance with predicted or
on 50Salads. ground-truth boundaries on 50Salads.

BaFormer yields more promising results by higher-quality class-agnostic boundaries



| Visualization
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Conclusion

* we introduce BaFormer, a novel boundary-aware, query-based
approach for efficient temporal action segmentation.

 BaFormer employs a one-step strategy. It simultaneously predicts the
guery-wise class and mask, while yielding global boundary prediction
for segment proposals.

* We apply query-based voting for segment proposal classification.

* BaFormer offers a unique perspective for addressing TAS challenges by
integrating grouping and classification techniques
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Thank you!

https://github.com/peiyao-w/BaFormer
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