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An unrealistic assumption: we already know
which samples should be labeled.
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Goal: query less for more.

v" Challenges: more limited annotation proportion (e.g., <10%).
* From-scratch training does not fit the pretraining-finetuning paradigm.
* Batch-selection strategy leads to harmful bias inside the selection process.
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v’ Differences:
* The size of the sampled subset is relatively small.
* Access to the pretrained model is available.
* No access to any labels before data selection.
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» Selected samples are directly applied to the finetuning of the pretrained model.




' Data Selection with Parametric Model i) Qg

X is the data space R¢: is the normalized high dimensional feature space

f(;wp): X —> RE: is a DNN model with pretrained weight wy is given

“ = {x;}ie[n)~Pu: is a large unlabeled data pool

Sampling strategy | s = {Sj € [N]}

jelB]
Ps' = {xs} . is the target subset — {ysj}, € Y: are the corresponding labels
77 jelB] f jelB] l
Pg = {xsj,ysj} . is the labeled data pool for supervised finetuning —— w;

J€lB]

The goal of active finetuning is to find §,,,; minimizing the expectation model error.

Sopt = arg mgin Exyexxy lerror (f (x; ws), y)]
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0 Samples are selected under the guidance two basic intuitions:
* Bringing close the distributions between the selected subset P¢' and the original
pool P¥~p,,
* Maintaining the diversity of Pg"

pu(x) = pr, (x) — fi = f(x;; wp) :is the normalized feature —— F" = {fi};e[n)

[ Our goal is to find the optimal selection strategy S as:

Sopt = arg msin D(p¢,,pfs) — AR(Fs) —> Sis discrete selection strategy

pfs(x) = Pes(x)r fS — {fsi}ie[B]’ HS - {e‘sj}je[B]

O The goal is written as:

O5,0pt = argmin D(py,, pos) — AR(0s) s:t. 16%]]2 = 1
S
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O Consider the parametric model pg as a mixture model with B components:

Z;

B . ; ]
pos(F) =D ¢;p(F10%)| il d5 =1  pElod) = SxpA st £ V)i T)
j=1

O For each f; € FY%, there exists a 95? most similar (and closest) to f;:

¢; = arg max sim(f;, 6%)
j€[B]
ImageNet Dataset
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O The parametric model pg . for f; € F* can be approximated as:

exp(sim(f;,05)/7)  exp(sim(f;,05)/T)
Zci/¢ci Zci

l

pos (£;) o< exp(sim(£;,04)/T)

Pos(f) = Z%P(f\%) — pos(fi) = ¢, p(£;]05) =

j=1

O The two distributions pr , pg, can be brought close by minimizing the KL-divergence :

prfi) M -
KL(ps,|pes) = Y ps.(£i)log Do (5 oL fi)l - &, llogpos (fi)]

fic Fu

O Therefore, the first term in 6g ., is derived as:
D(ps,,pos) = — E_[sim(f;,0¢)/T] — Severe collapse problem

f,eFu /

An extra regularization term is needed to ensure the diversity of selected subset.
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O The second term in 6g ., is derived as :

R(0s)=—- E llog Z exp (sim(@é,é’g)/T)]

B s e

O At this point, we can solve 6g opt DY optimizing the following loss function continuously:

L= D(ppr@s) — A R(GS)

— — E_ [sim(f,0%)/r]+ B |:10g Z eXp(sim(Q“;,@g)/T)]

0 e J€[B] kot ke(B]

[ Find feature {fsi} with the highest similarity to 95! :

i€[B]

fp, = m(£y, 07
\ j = arg max stm(fy, 05)

{ij }jE[B]
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' Relation to Earth Mover’s Distance
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pfu(fz): %,f@ G.Fu — pfs(fsj):%:Cj:{fi‘ci:j}afsg'EFS
O The EMD between py. , py, is written as :
EMD(pys,,pfs) = inf E [|Ifi —£s,ll2] . |
’ YEll(py,, ppg) Firfs; )~y —szm(fi, ng’)
O It is intuitive to come up with the infimum, 1 |
i.e. each f;~ pr transports to their closest — EMD(py,,ps;) = . fE) £ — £, ||2]
iyde, )Y
fS‘jN pfs: 1 N v
i _ U U - = . . '
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J Method: ActiveFT

Algorithm 1: Pseudo-code for ActiveFT

Input: Unlabeled data pool {x;},c[x/, pretrained
model f(-;wp), annotation budget B,
iteration number 7’ for optimization

Output: Optimal selection strategy

S = {s; € [Nl};ein]
1 fori € [N] do
2 | £ = f(xi;wo)
/* Construct F" = {f;},cn] based on P¥,
normalized to ||fi|l2 =1 4/
3 Uniformly random sample {s9 € [N]};e(p)» and
initialize 8§ = fS?
/+x Initialize the parameter fg = {Hiﬂ_}j&-EB]

based on F“ */

4 for iter € [T do
5 Calculate the similarity between {f; },c[n] and
{Qg}je[g]: Sim; ; =£76%/T
6 MazxSim; = max;c(g) Sim; ; = Sim;
/* The Top-1 similarity between f; and
6%,j € [B] x/
7 Calculate the similarity between Bg and

0%, k # j for regularization:

RegSim;j ;. = exp(f?gT!?g/T), k#J
8 Loss = -—-% Z’iE[N] ﬂfaa:Szml +

1 .
B ng[B] log (Zk_y&j Regs'ﬂmik)
/+* Calculate the loss function in Eg. 11
*/
9 Os =0s —Ir - yo,Loss
/* Optimize the parameter through
gradient descent %/
0 | 0% =60%/||0%|l2,5 € [B]
s = Ys/ll%sll2,7
/* Normalize the parameters to ensure

16512 =1 %/

11 Find f;; closest to 6%: §j = arg maXe|nj f;;r 9; for
each j € [B]
12 Return the selection strategy S = {s; } je[p]
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' Experiments

Table 1. Image Classification Results: Experiments are conducted on natural images with different sampling ratios. We report the mean

e 2

and std over three trials. Explanation of N/A results (“-) is in our supplementary materials.

Mitliods CIFAR10 CIFAR100 ImageNet
0.5% 1% 2% 1% 2% 5% 10% 1% 5%

Random 77.3+£2.6 82.2+19 889+04 | 149+19 243+2.0 50.8+34 69.3+0.7 | 45.1£0.8 64.3+0.3
FDS 64.5+1.5 73.2+1.2 814+0.7 | 8106 128403 169+1.4 52.3+19 | 26.7+£0.6 55.5+0.1
K-Means 83.0+3.5 859+0.8 89.6+0.6 | 17.6+t1.1 31.9+0.1 4244+1.0 70.7+0.3 - -
CoreSet [35] - 81.60.3 88.4%0.2 - 30.60.4 483+0.5 62.9+0.6 - 61.7+0.2
VAAL [39] - 80.9+0.5 83.8+0.3 - 24.6+1.1 46.4+0.8 70.1£0.4 - 64.0+£0.3
LearnLoss [48] - 81.6+0.6 86.7+0.4 - 19.2+2.2 382428 65.7+1.1 - 63.2+0.4
TA-VAAL [21] - 82.6+0.4 88.740.2 - 34.7+0.7 46.4+1.1 66.840.5 - 64.3+0.2
ALFA-Mix [33] - 83.4+£0.3 89.6£0.2 - 35.3+0.8 504409 69.940.6 - 64.5+0.2
ActiveFT (ours) | 85.0+04 88.2+0.4 90.1+0.2 | 26.1+2.6 40.7+0.9 54.6+2.3 71.0+0.5 | 50.1+0.3 65.3+0.1
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Table 2. Semantic Segmentation Results: experiments are con-
ducted on ADE20k with sampling ratios 5%, 10%. Results are
averaged over three trials.

Sel. Ratio | Random FDS K-Means ActiveFT (ours)

5% 14.54 6.74 13.62 15.37+0.11
10% 20.27 12.65 19.12 21.60+0.40
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Table 3. Data Selection Efficiency: We compare the time cost to
select different percentages of samples from the CIFAR100 train-

ing set.

Sel. Ratio K-Means CoreSet VAAL Learnloss ours

2% 16.6s 1h57m 7h52m 20m 12.6s
5% 37.0s 7h44m  12h13m 1h37m 21.9s
10% 70.28 20h38m 36h24m OhO9m 37.3s
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ﬁ L - Figure 4. tSNE Embeddings of CIFAR10: We visualize the em-
S bedding of selected samples using different algorithms. Different
colors denote categories, and the black dots are the 1% samples

(b) VAAL selected by our method.

(c) LearnLoss (d) ActiveFT (ours) Y
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Table 4. Generality on Pretraining Frameworks and Model
Architectures: We examine the performance of ActiveFT on dif-
ferent pretraining frameworks and models on CIFAR-10.

(a) Performance on DeiT-Small Pretrained with iBOT

Methods 0.5% 1% 2%
Random 81.7 83.0 89.8
CoreSet [38] - 82.8 89.2
LearnLoss [48] - 83.6 89.2
VAAL [39] £ 85.1 89.3

ActiveFT (ours) 87.6+0.8 88.3+0.2 90.9+0.2
(b) Performance on ResNet-50 Pretrained with DINO

Methods 0.5% 1% 2%
Random 64.8 76.2 83.7
CoreSet [38] - 70.4 83.2
LearnLoss [45] - 717 81.3
VAAL [39] B 75.0 83.3

ActiveFT (ours) 68.5 +04 78.6 0.7 84.9+0.3
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Table 5. Ablation Study: We examine the effect of two modules

_ : _ Table 6. Effect of Temperatures: We try different temperatures
in our method. Experiments are conducted on CIFARIO00 with iy 6yr method. Experiments are conducted on CIFAR10 with pre-
pretrained DeiT-Small model. trained DeiT-Small model.

(a) ¢; Update Manner (b) Regularization Design

Ratio 7=004 7=007 7=02 7=0.5
Ratio No-Update Update Ratio S1 S2  ours
- 0.5% 85.6 85.0 84.1 83.5
’ ‘ : e / : 2% 90.3 90.1 89.6 89.0
L=—- FE |log exp(£ 65 /7)
f,cFu Zke[N} exp(sim(f‘g@s’ﬂ /T)
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