Great Ape Detection with Self-reinforcing Loops Using Dynamic Curriculum Learning
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Unreliable pseudo-labels in early stage as shown Fig. (a)

Self-reinforcing Loops

UNLABELLED DATA SAM

* Ensuers consistent augmentation of unlabelled data

e Contains geometric transformation and colour transformation

RESULTS ON PANAFRICAN

[Label Ratios]

Pseudo-label quality increase along with threshold in Fig. (d)

RESULTS ON COCO

Method

e applies week and strong augmentation
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More reliable pseudo-labels in later stage in Fig. (b) Recall of pseudo-label decrease along with threshold in Fig. (e)
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Precision of pseudo-labels increase in Figure (c)
Dynamic weighting to compensates unreliable pseudo-labels
Lau(e) = L 4+ ol

Dynamic weighting « for unsupervised loss .

Use F3 to balance False Negatives vs False Positives

Fig. (f) shows the F3 score for threshold at each epoch.

Orange curve is the best choice of threshold for each epoch.

the green curve is our simulation policy

e Controls the update spped of teacher model

e Pseudo-label precision increase steeply in the early training

stages, slowly in the later training stages

e (Consine increae of momentum coeeffecient
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