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Three principles of our design:

- @Generality: a general pre-trained model can work
over multiple datasets

- Efficiency: query only once

- Non-supervision
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self-supervised vision transformers
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(a) Traditional Pipeline of Active Learning: Model training and
batch data selection repeat multiple times on each dataset.

(b) Our Pipeline: Samples are selected with one-pass model infer-
ence on each dataset.
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Figure 2. Overview of our proposed GEAL: Our method relies on a general pre-trained vision transformer to extract features from
images. Knowledge clusters are derived from the intermediate features. Afterwards, we perform K-Center-Greedy algorithm to select
knowledge clusters as well as the associated images. These selected images are labeled for downstream task model training.
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' Off-the-Shelf Features for Active Learning *|V

Perform Core-Set algorithm over off-the-shelf global features
extracted by ViT-Small model pre-trained on ImageNet dataset.
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Figure 3. Preliminary: Core-Set over off-the-shelf Global Fea- Extract reliable local information?

tures: C.S. denotes Core-Set in this figure. We directly perform
Core-Set algorithm over off-the-shelf global features extracted by
ViT-Small model pre-trained on ImageNet dataset. We follow [+Y]
to use euclidean distance (euc.). This setting causes a significant
performance drop, especially when sample number is small.
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' Knowledge Clusters inside Images

Two challenges in extracting reliable local information:
1. Given the low information density inside images, many regions are useless or even distracting for downstream tasks.
2. Local features extracted by DNNs inevitably contain noise.

Solution:

1. For the first concern, the class token self-attention map of the transformer can serve as a natural indicator of
regional importance even without dense supervision.

2. For the second concern, to eliminate the noise, we perform K-Means clustering over the distilled intermediate

features
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ch,j — 1) 2’ o Kare defined as knowledge clusters inside the image I Figure 4. Visualization of Knowledge Clusters: Top: The dis-

tilled intermediate features of each image are grouped into differ-
ent knowledge clusters. Gray features are eliminated in Eq. 2. Di-
mensions are reduced through PCA for visualization. Bottom: Re-
gions inside images can be associated with corresponding knowl-
edge clusters.
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' Sample Selection Strategy for GEAL XIV

e B2 A 40 AR E Knowledge cluster level BE Algorithm 1: Data Selection Algorithm
B A BUREE, A image level, Input: all knowledge clusters c, total annotation
budget b

Output: selected image pool sz
Initialize sz = {lo}

/* initialize the selected image pool with

Apply a K-Center-Greedy algorithm w.r.t. knowledge clusters

—

a random image I */

Initialize sic = {/°¢;,j =1,..., K}

Given an unlabeled image pool I,

[S]

/* initialize the selected knowledge

» Randomly select an initial image (included K clusters) cluster pool with knowledge clusters
inside Ip x/
. . 3 repeat
» Then, choose the image I that contains the knowledge peat : I
4 I,j=argmax rez min.es. d('cj,c)

cluster c; farthest from already selected clusters

j=1,.. K
/+ find knowledge cluster ch farthest

I’j ::(ITng(ME._ieII<Tnin@ESKﬂi(ICj,C) from currently selected ones */
= 5 ST = SIU{I}

/* add image I to selected image pool x/

6 s =scU{le;i=1,...,K}

/+ add all knowledge clusters in image [

.....

to selected knowledge cluster pool «/
until |s7| = b;

~




J Experiment-Object Detection
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(a) Comparison with Random Selection and General Baselines:
C.S. means Core-Set, while cos. and euc. separately denote cosine
and euclidean distance function. Our method has notable superior-
ity in all cases.
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(b) Comparison with Traditional Pipeline Methods: With sig-
nificant advantage on generality and efficiency, our method is also
equipped with a advanced performance competitive with or better
than approaches following the traditional pipeline.

Experiments on PASCAL VOC dataset

Methods Train Batch Sup. Time
CoreSet [19] v v v .
Learn Loss [01] v v v 42f0urs
MC-dropout [20)] v v v label auer
CDAL-CS [1] v v v query
VAAL [57] v v X ~ 42 hours
GEAL (ours) X X X 648 seconds
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Experiment - Classification & Segmentation
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Figure 6. Active Learning Performance on Image Classifica-
tion Task: C.S. means Core-Set. The Top-1 Accuracy on 100%
training data is 93.13%.

Image Classification
Oxford-IlIT Pet dataset
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Figure 7. Active Learning Performance on Semantic Segmen-
tation Task: The mloU on 100% training data is 76.60.

Semantic Segmentation
Cityscapes dataset
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Figure 9. Number of Instances inside Selected Images The num- _ _ _
ber is counted on PASCAL VOC dataset. GEAL selects fewer 0.5 25 cuc. 63.70 68.70 71.76

instances than random selection when the image number is same.

Instance Number Ablation Study on Object Detection
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Reducing Label Effort: Self-Supervised meets Active Learning
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Figure 1. Overview of active learning framework enhanced by self supervised pre-training. The framework consists of 3 stages: (i)
Self supervised model is trained on the entire dataset. (ii) Given the frozen backbone and few labeled data, a linear classifier or an SVM is
fine-tuned on top of the features in supervised way. (iii) Running the model as inference on the unlabeled data and sort the samples from
least to highest informative/representative via acquisition function. Finally the top samples are queried to oracle for labeling and added to
labeled set. Stages (i) & (i1) are repeated until the total labeling budget finishes.
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Figure 4. AL performance on cifar100 performance comparison
between the addition of self-training to AL methods (solid lines)
and AL methods (dashed lines). The initial and per cycle budget
are equal in all the curves.
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Figure 5. AL performance on Tiny ImageNet performance com-
parison between the addition of self-training to AL methods (solid
lines) and AL methods (dashed lines). The initial and per cycle
budget are equal in all the curves.
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