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1. Introduction

In a video, temporal action localization (TAL) is:
* predicting the start and the end of an action,
* predicting the class of the action. Train on a percentage p of the
training set and  report

4. Methodology

Data efficiency

Current state-of-the-art (SOTA) models are trained on large performance on the test set.
datasets such as ActivityNet [1] or THUMOS’14 [2]. On top Repeat multiple times to
of that, training these models is typically computationally understand the variance in
expensive. results.

Computational efficiency

» Would be desirable to explore how SOTA models work
in settings with limited data or limited computational Training: train the model on a
power available. dataset and report the time it
took alongside the reached
Data efficient models have been proposed [3], but they are mean average precision.

incompatible with current SOTA. Computational analysis of
the state-of-the-art could also be expanded.

Inference: pass videos of
increasing lengths and note
down the time it took, memory
consumption, and the number
of floating point operations
(MACs).

2. Research guestion

How well does ActionFormer perform and generalize in
limited data and compute settings?
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Figure 1. The ActionFormer model. Image taken from [4].

DX{j.z.warchocki-1@student.tudelft.nl

Data efficiency Computational efficiency
(a) Performance on THUMOS 14 .. ..
100 — Tables 1 & 2. Training efficiency results
—»— ActionFormer . .
wl| = on THUMOS’14 and ActivityNet.
|'| —— TemporalMaxer N
= o iper Model Time [s] Avg. mAP [%)]
= el , ActionFormer | 886.8 £ 543 | 65.80 & 0.09
2 TadTR 1257 £ 35 553 £ 0.63
E:“f w0} i TemporalMaxer | 2956.6 £ 1660 66.96 + 0.37
3 TriDet 646.2 = 26.1 68.07 & 0.42
201 a Model Time [s] Avg. mAP [%]
ActionFormer | 1944.9 + 60.6 35.9 + 0.14
L T T T T STALE 100.7 £ 5.8 19.37 £ 0.16

0 301 60.1  90.2 1203 150.4 #/class

o) o . » The ActionFormer model is unlikely to be selected in
erformance on ActivityNet . . . . .. . .
100 — scenarios with limited training time available.

—%— ActionFormer
—»—  STALE
80 I

S (a) Inference time and utilization (b) Number of MACs and memory consumption
o G0F T T -
[ —#— VRAM consumption I~
& 40 -8 L 2
<é ,/'/'—4‘—* — 5 60 - 41500 2
= e § é
20 |- g T =7 46 = = 2
g P 5 O 53
e E P 52,0 Lo 2
v z = 7
11 N =2
0 i i i i i Z 50 ’ H44 = © g
0 20 40 60 80 100 p (%] 3 Z] 5 =
0 143 285 428 57 713 #/class E 20 {500 2
2| P £
Figure 2. Data efficiency results.
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» The TemporalMaxer and
TriDet models should be chosen Figure 3. Inference efficiency results.

in favour of ActionFormer when » Most importantly, the inference time, complexity, and
training data is limited. memory consumption all increase linearly.

» Other models offer better data or computing efficiencies. 6. Conclusion

» The model was found to scale linearly with input length.
This thus matches the theory from the original paper [4].

» Future work could involve attempting to improve data or
computational efficiencies of the model.
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