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Problem Statement

Difformer for Action Segmentation

Nicolas Aziere, Tiegiao Wang and Sinisa Todorovic
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SOTA Limitations

Multi-stage refinements — high model & compute complexity.

Boundary Detection on 50Salads

Boundary detection quality mostly degrades through stages.
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Model TPR@5 | TPR@10 | TPR@50 | FPR@5 | FPR@10 | FPR@50
MSTCN [33] (1 stage) 31.2 45.2 77.4 95.9 94.1 89.9
MSTCN [33] (3 stages) 17.1 29.1 70.3 84.0 72.8 34.3
ASformer [48] (1 stage) 22.1 40.7 84.9 72.8 60,7 79.0
ASformer [48] (3 stages) 31.2 42.7 75.9 85.9 78.8 28.4
LTContext [5] (1 stage) 24.6 40.2 78.9 89.0 82.0 64.6
LTContext [5] (3 stages) 18.6 30.1 74 .4 82.2 71.1 28.8
Contributions
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alpha=[1,1, 20]
kappa=[0.1,0.1]

e

.‘«'e‘

x; Y
Sl

‘ .

N

y

* x
"

T

Stochastic diffusion

. Final point

alpha=[1,1,20]
kappa=[0.1,0.1]
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® Asymptotic convergence point

alpha=[1,1,20]

kappa =[0.01, 0.01 ]

Achieve higher accuracy with fewer model parameters.

alpha=[1,1,1]
[0.1,0.1]

Replace multi-stage refinements with Dirichlet diffusion to
“denoise” the initially predicted class distributions.

Estimate the diffusion parameters only at keyframes — efficient.
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Deterministic diffusion
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Dirichlet Diffusion — Closed form: p(ndt) = (I + M(a, k)dt)"*p(0)
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15t stage: ASFormer estimates initial frame-wise predictions.

2"d stage: Dirichlet parameters a and k are estimated using a lightweight
module, which is differentiable and integrated end-to-end.

1 AaLa(at' yy) + AKLK(KD A, Yy)]

Lcg (pt, yy): Frame-wise Cross-Entropy Loss
L.(a;,y,): Evidence Loss - Learns Dirichlet Parameters

LK(rct, a;, yy): Regularization loss - Enforces Kk parameters to be small for correct
initial predictions
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Comparison with 13D features

Dataset 50Salads GTEA Breakfast

Method F1@{10,25,50} Edit | MoF F1@{10,25.50} Edit | MoF F1@{10,25,50} Edit | MoF
MSTCN [14] 76.3 | 740 | 645 | 67.9 80.7 858 | 834 | 698 | 79.0 | 76.3 52.6 | 48.1 379 | 61.7 66.3
MSTCN++ [33] 80.7 | 785 | 70.1 | 74.3 83.7 88.8 | 85.7 | 76.0 | 83.5 80.1 64.1 58.6 | 459 | 65.6 67.6
C2F-TCN [41] 75.6 | 72.7 | 61.2 | 69.1 79.6 89.9 | 88.3 | 75.9 | 86.8 79.6 649 | 60.6 | 49.7 | 63.2 | 70.2
BCN [47] 823 | 81.3 | 740 | 743 84.4 88.5 | 87.1 773 | 844 | 79.8 68.7 | 65.5 | 550 | 66.2 | 704
ASRF [25] 849 | 835 | 77.3 | 79.3 84.5 894 | 87.8 | 79.8 | 83.7 77.3 743 | 689 | 56.1 | 724 67.6
HASR [1] 86.6 | 8.7 | 78.5 | 81.0 839 | 909 | 88.6 | 764 | 87.5 78.7 7477 | 69.5 | 57.0 | 71.9 69.4
SSTDA [12] 83.0 | 81.5 | 73.8 | 75.8 83.2 | 90.0 | 89.1 78.0 | 86.2 | 79.8 75.0 | 69.1 | 55.2 | 73.7 | 70.2
G2L [ 18] 803 | 780 | 698 | 734 82.2 899 | 87.3 | 75.8 | 84.6 | 78.5 749 | 69.0 | 55.2 | 733 70.7
UVAST [7] 81.2 | 704 | 839 | 77.1 69.7 | 92.7 | 91.3 | 81.0 | 92.1 80.2 76.7 | 70.0 | 56.6 | 68.2 68.2
ASFormer [48] 85.1 834 | 76.0 | 79.6 85.6 | 90.1 88.8 | 79.2 | 84.6 | 79.7 76.0 | 70.6 | 574 | 750 | 73.5
TCTr [3] 87.5 | 86.1 80.2 | 834 86.6 | 93.7 | 924 | 84.0 | 91.3 81.3 76.6 | 71.1 | 58.5 | 76.1 77.5
FACT [36] 855 | 834 | 774 | 79.2 86.8 | 93.5 | 92.1 84.1 914 | 86.1 814 | 76.5 | 66.2 | 79.7 | 76.2
LTContext [5] 894 | 87.7 | 82.0 | 83.2 87.7 - - - - - 776 | 72.6 | 60.1 | 77.0 | 74.2
DiffAct [35] 90.1 | 89.2 | 8.7 | 8.0 | 889 | 925 | 91.5 | 84.7 | 89.6 82.2 803 | 759 | 646 | 784 | 764
Difformer(I3D) 90.3 | 89.4 | 853 | 85.2 | 89.2 93.1 91.8 | 85.0 | 90.5 | 82.3 | 80.7 | 76.1 | 64.8 | 784 /7.2

Comparison on Assembly101 with TSM features

Method F1@{10,25,50} | Edit | MoF | # of Parameters (M)
MSTCN++ [33] || 31.6 | 27.8 | 20.6 | 30.7 | 37.1 1.08
UVAST [7] 32.1 | 283 | 20.8 | 31.5 | 374 1.22
ASFormer [48] || 33.4 | 29.2 | 21.4 | 30.5 | 38.8 1.13
LTContext [5] 33.9 | 30.0 | 22.6 | 304 | 41.2 0.72
Difformer 34.6 | 30.8 | 23.5 | 31.3 | 42.2 0.60

Comparison on Assembly101 with Video-MAEv2 features

MSTCN (MAEv2) 85.6 | 84.0 | 78.1
ASFormer (MAEv2) 89.7 | 88.6 | 84.5
LTContext (MAEv2) 89.5 | 87.9 | 83.1

FACT (MAEvV2)

DiffAct (MAEv2)
Difformer(MAEv2) 92.3 | 909 | 875

89.9 | 88.5 | 84.7
02.2 | 90.8 | 86.5
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Complexity on 50Salads

Method MoF || # Parameters | FLOPS
ASFormer [48] 79.7 1.09M 5.77G
DiffAct [35] 88.9 0.975M 940G
FACT [36] 86.8 1.9M 5.5G
LTContext [5] 87.7 0.66M 8.56G
Difformer (I3D) || 89.2 0.48M 2.45G
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