Open-set Active Learning




| | S THALE &
, Motivation _ienriass| g

[0 Tradition AL methods generally assumed that labeled and unlabeled data are drawn
from the same class distribution.
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Open-set class / Unknown class / Out-of-distribution (OOD) examples

OOD examples exhibit high uncertainty and diversity because they share > Traditional
neither class-distinctive features nor other inductive biases with ID examples AL fails.
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Figure 2: CCAL is combining the semantic score Sg.,, and
distinctive score Sy;s to select samples for annotating.

O Learn distinctive and semantic features.
O Query samples with high semantic consistency and strong distinguishability.
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[ Learning semantic features

Loss
Lsem(B§N):
I RN RN
TBlg con(®B; ", 2,y B—3) + Leon(®; ", %; ", B—z)

=1

x; € XY u XY ,and L.,, i1s a contrastive learning loss [3].

where B = {z{"}.2) BV 12 BLi = (& e U8 Yy,

Semantic score

Ssem(xzu) = o(m?xcos(zs(:rjl-’),zs(a:zU))), (3)

where o(s) = (s — min(Ssem(XY)))/(maz(Ssem(XY)) —
mz'n(Ssem(XU))) - xﬁj e XVY.
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(a) Contrast of semantics.
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In Eq.5; cos(z4(z;), zd(:cfjst)) —cos(zq(zY), zd(a:f:nd)) mea-

sures the difference of xV to labeled samples. (b) Contrast of distinctiveness.
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(c) Joint query strategy.

Squery(xf;j) = tanh [w (Ssem(x?))] R Sdz's (ZE,E]) (6)
where ¥ (Ssem () = k X (Ssem(’) — t)
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Figure 4: Classification accuracy of CCAL and compared AL algorithms on CIFAR 10 under different mismatches.
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Figure 5: Classification accuracy of CCAL and compared AL algorithms on CIFAR100 under different mismatches.
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Figure 2. The framework of LfFOSA. It includes two networks for detection and classification. The detector attempts to construct a query set
for annotation by GMM modeling. After labeling, two networks will be updated for next iteration.

whilec=1,2,..., K do

# Collect the MAV set for each prediction class ¢ # Merge and sort the probability sets of all classes

mav® = {ma,vl.clfoD (1;2) =@, VYV, € DU} W = SOTt(Wl U W2 Ldiseaike) WK)

# Obtain known probability by GMM # Obtain the query set

We¢ = GM M (mav®,0p) Xvery = {(x;, w;)|w; > 7,V(x;, w;) € (Dy, W)}
end
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Figure 5. Classification performance comparison on CIFAR10 (first row), CIFAR100 (second row) and Tiny-Imagenet (third row) with 20%
(first column), 30% (second column) and 40% (third column) mismatch ratio.
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* P(x) : purity score of an example x
* I(x) :informativeness score of an example x

= Zx — (P(X),I(X)) Update @

* ®(z,):ascore combination function ( :
S MQ-Net
| > i é)
if P(z;) > P(z;) and Z(z;) > I(z;), Unlabeled Q@) Labeled
@ U = {Xin, Xoop} — S}__)
(I)(sz) S (I)(ij) N— l = Update w —
P(x), I(x) Self-validation
if P(z;) > Plzs) and T(z:) < I(zs) 9 R %’h I P
of Pl#;) < Pla;) and L(z;) > L(E;), Juery i 50

a Figure 2: Overview of MQ-Net.
?
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L(So)=Y Y maX(O, —Sign (bimee (i), bmce (75)) + (®(22,5 W) — ®(24,; W) + n))
1€ESQ JESQ

®(z,;; w) is forced to be higher than @ (z ;; W) if Lince (x;) > Lrnce (27 )
CD(le.; w) is forced to be lower than CD(zxj; W) if lpce (Xi) < Lpyce (%)

s.t. Yz, x5, if Pla;) > Plz;) and I(z;) > L(z;), then ®(zy,;w) > D(2;,; W)
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Table 1: Last test accuracy (%) at the final round for CIFAR10, CIFAR100, and ImageNet. The best
results are in bold, and the second best results are underlined.

Datasets CIFAR10 (4:6 split) CIFAR100 (40:60 split) ImageNet (50:950 split)
Noise Ratio 10% 20% 40%  60% 10% 20%  40% 60% 10%  20% 40% 60%
Non-AL RANDOM 89.83 89.06 87.73 85.64 | 60.88 59.69 5552 4737 | 62.72 60.12 54.04 48.24
CONF 9283 91.72 88.69 8543 | 62.84 60.20 53.74 4538 | 63.56 6256 51.08 45.04
Standard CORESET | 91.76 91.06 89.12 86.50 [ 63.79 62.02 56.21 48.33 | 63.64 62.24 55.32 49.04
AL LL 92.09 91.21 89.41 8695 | 65.08 64.04 56.27 4849 | 63.28 61.56 55.68 47.30
BADGE 92.80 91.73 89.27 86.83 | 62.54 61.28 55.07 47.60 | 64.84 6148 54.04 47.80
Open-set CCAL 90.55 8999 88.87 8749 | 61.20 61.16 56.70 50.20 | 61.68 60.70  56.60 51.16
AL SIMILAR 89.92 89.19 88.53 87.38 | 60.07 59.89 56.13 50.61 | 63.92 6140 56.48 52.84
Proposed MQ-Net 93.10 92.10 9148 89.51 | 66.44 64.79 5896 52.82 | 65.36 63.08 56.95 54.11
% improve over 2nd best 0.32 0.40 2.32 2.32 2.09 1.17 3.99 4.37 0.80 1,35 0.62 2.40
% improve over the least 3.533 3.26 3.33 4.78 10.6 8.18 9.71 16.39 397 3.92 11.49 20.14
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Limitations:

v’ Existing methods mainly focus on learning the ID classifier, consequently
restraining the resolution of the OOD detector.

v Valuable OOD instances can promptly strengthen the boundary between ID
and OOD instances, and further improve the ID purity for classifier retraining.
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(a) The power of OOD instances. (b) The proposed PAL process
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Figure 2: Framework of the proposed Progressive Active Learning (PAL). We initialized the ID
classifier and OOD detector with the ID labeled data. During the query rounds, we explicitly query

both pseudo-ID and pseudo-OOD instances with the designed sampling criterion to enhance the ID
classifier and OOD detector.
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[ Uncertainty weight

N,
lova=— Z(logpy"ﬁ' (p= 1|x ) + I;I;n log p“(p = 0|xf))
=1 € l.
f__1_5 ________________________________ |
s'7 =1+ p(p = 1|x*)logp“(p = 1|x")

[0 Meta-weight
N, )
mgnz_; Lsup (X, ¥, O(w)),
- N, N,
s.t. é(w) = arg m(_%n Z Bsu,,(xi'-, yi‘-, Q) + E_@Jl&m(x;f’, O)

i=1 j=1
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O Progressive sampling

un(xu) = W + uSID

4

The selected b instances including Ngyery pseudo-ID instances and Ny
pseudo-0O0D instances.
* At the first query, OOD instances with the lowest un(x%) are selected,
query query-
* After that, the OVA classifiers are extended to C + 1 classifiers, and the
un(x%) is given by

un(xv) = | wHpl=s7), ife=C+1
| wH s, otherwise




e s s ] D
SHTHTHELE | V

Table 1: Comparison of testing accuracy (%) on CIFAR-10, CIFAR-100, and Tiny-Imagenet datasets
with an ID proportion of 20%. The best results are highlighted in bold, and the second-best results
are underlined.

F NeurlIPS’23: PAL

Datasets CIFAR-10 CIFAR-100 Tiny-Imagenet
Rounds 1 3 S 7 9 1 3 e 7 9 1 3 e 7 9

Label Only 78.6 42.5 214

Random | 88.1 93.1 959 969 974 | 44.6 49.2 522 545 56.7 | 229 26.8 32.7 37.8 39.2

Uncertainty] 88.2 93.0 96.1 97.2 975 | 444 494 497 548 553 | 21.6 285 35.6 37.6 4l1.1
Certainty | 88.1 90.8 91.6 924 93.0 | 45.0 50.7 53.1 544 549 | 21.7 279 354 39.8 44.7
Coreset | 86.5 94.7 95.8 96.7 96.8 | 43.6 49.5 51.9 55.0 57.0 | 23.1 26.3 33.0 39.9 433
BALD | 84.6 93.1 943 964 96.7 | 429 48.1 523 544 56.2 | 229 26.8 329 38.1 39.2
OpenMax | 81.3 85.8 86.6 87.0 90.7 | 45.0 47.3 50.1 539 56.0 | 22.0 26.1 32.2 369 419
CCAL | 88.9 943 96.2 974 97.7 | 45.1 509 534 572 60.4 | 23.2 285 35.6 40.6 44.9
MQnet | 88.8 949 96.8 974 97.8 | 453 51.1 579 59.1 61.3 | 23.8 28.6 35.7 42.0 45.8
LfOSA | 84.2 954 97.1 97.5 983 | 45.6 52.2 59.0 62.5 66.1 | 22.6 28.8 36.4 43.7 47.9
PAL 91.1 95.6 97.6 98.5 98.7 | 45.6 53.0 60.0 65.6 694 | 243 334 439 47.6 52.1
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Figure 8: Ablation study conducted on CIFAR-10, CIFAR-100, and Tiny-Imagenet datasets with an
ID proportion of 20%.
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x* = argmazr,py, (T)unc, +r [1 Pr (T )] uncy
- RASEFIRBEARRE
o Bidirectional Least Confident Sampling (B-LC)
@ = argmaxpy () |1 - P, (@) +r[L - o7 (@) [1 - by, (@)

o Bidirectional Margin-Based Sampling (B-Margin)

x' = arg max py7, () [’Py_| (x) — ’Py_ (:c)] + 71— piii ()] [p :

T

o Bidirectional Entropy-Based Sampling (B-Entropy)

x* —argmaxp‘}\“fl(m)[—'Pyi (:n)log’P;_(:c)] +7[1 — p%Ti ()] [—p;’. (:c)logp;. (:z:)]
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Datasets CIFAR-10 CIFAR-100 Tiny-Imagenet
Openness Ratio | 0.2 04 06 08 [ 02 04 06 08 |02 04 06 08
(1) | Random | 83.3 82.5 87.2 96.9 | 57.6 583 587 61.2|45.7 47.2 50.9 55.0

LC 84.3 81.6 87.5 96.2 | 55.8 54.6 54.0 56.2 | 44.8 45.9 484 51.6

(2) Margin | 86.0 84.1 89.0 97.0 [ 59.3 59.6 58.8 58.9|46.4 47.1 50.8 54.0
Entropy | 85.4 83.4 88.0 96.8 | 57.1 56.8 55.7 56.4 | 44.6 44.5 46.9 50.7

(3) Coreset | 85.0 81.8 864 974 |60.2 61.2 61.8 64.2 | 46.2 47.8 51.8 54.0
(4) | BADGE | 86.8 84.2 89.2 96.4 |60.2 60.8 60.4 62.0|46.3 47.8 51.8 53.3
(5) LIOSA | 73.7 78.7 87.0 98.6 |52.3 56.6 624 68.2 425 46.6 524 59.9
CCAL |80.8 81.5 88.0 98.1 559 60.0 64.7 67.7 |44.4 46.3 50.3 57.0

(6) DIAS 81.8 80.7 83.0 94.0 | 55.7 56.1 56.9 57.2 |43.1 45.1 475 544
B-LC 87.0 87.2 92.5 99.1(59.3 628 67.5 72.1|45.7 48.7 54.7 60.6

Ours | B-Margin | 86.5 87.0 92.6 98.9 |60.9 63.1 68.3 71.5|46.5 49.5 55.7 61.2
B-Entropy | 86.9 87.4 92.6 99.1| 589 61.7 66.9 714|454 47.5 55.2 61.0
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Entropic Open-Set Active Learning
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Z — log(p¥") — min log(1 — p?)
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O Closed-set Entropy S.(x) = 1 i}[.(x)
‘ K lOg(z) i=1 7’ |

where H;(x) denotes the entropy of GG; given as:

H;(x) = —p* - log(p*) — (1 — p') - log(1 — p*).
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if DAU 74 0 do /

Cluster the features of D 4y into K clusters K

-1
For cluster 7, compute the center ¢; using Eq. 5 Sa(x) = >~ qi(x) - log(gi(x)),
. log(K)
Va € Dy, compute Sy(x) via Eq. 6 . i=1
end if e—IF(x)—¢i||/T
Q’i.(x) = K
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0 Query Strategy
5(x) = Se(x) — Sa(x).
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Figure 3: Classification accuracy comparison on CIFAR-10 (mismatch ratios from left to right: 20%, 30%, and 40%).
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Figure 4: Classification accuracy comparison on CIFAR-100 (mismatch ratios from left to right: 20%, 30%, and 40%).
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Figure 5: Classification accuracy comparison on TinyImageNet (mismatch ratios from left to right: 20%. 30%, and 40%).
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Inconsistency-Based Data-Centric Active Open-Set Annotation

Ruiyu Mao, Ouyang Xu, Yunhui Guo

The University of Texas at Dallas
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Data-Centric Known Class Detection

Unlabeled Open-set ﬂ

Local Feature

: Distrubution ‘-_1__) i
Known & Inconsistency > Annotator >
) Scores :

Classs Query Samples ks
Detection

Figure 9: The architecture of NEAT includes a classifier model and a local feature distribution extractor, designed to identify both
known and unknown samples. ﬁ

Inconsistency-Based Active Learning
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] Data-Centric Known Class Detection

» Label clusterability.
* Samples with similar features should belong to the same class.

» Feature extraction.
* CLIP provides high-quality features for calculating feature similarity.

» Known class detection.
a. Each Ni(x) € L represents the k-th closest samplesin L to the unlabeled
example x in U.
b. Compute the count of neighbors with known and unknown classes for

each x.
c. Classify an unlabeled sample x as belonging to a known class if all of its

neighboring samples are from known classes.
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[ Inconsistency-Based Active Learning
a. Given the K-nearest neighbors {N;(x)}.—, C L of the example x.

b. Construct a vector V,, € R¢ with

Vlel = 3 1% () = o).
c. Normalize V, via the softmax function to be a probabilistic vector V,.

d. The inconsistency is computed using cross-entropy as

ZP [ log Vi[c

e. Rank all the identified known classes examples using I (x).

f. Select the top B examples for labeling.
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Rethinking Epistemic and Aleatoric Uncertainty for Active Open-Set
Annotation: An Energy-Based Approach

Chen-Chen Zong, Sheng-Jun Huang”
Nanjing University of Aeronautics and Astronautics
Nanjing, 211106, China

{chencz, huangsj}@nuaa.edu.cn
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Evidence Conflict Sampling for Open-set Active Learning
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Fig.3 Comparison of testing accuracy(%) with different methods on CIFAR10 (first row), CIFAR 100 (second row) and Tiny-ImageNet (third row)
under 50% (first column), 60% (second column) and 70% (third column) openness ratios
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Revisiting Unknowns: Towards Effective and Efficient Open-Set Active Learning

Chen-Chen Zong, Yu-Qi Chi, Xie-Yang Wang, Yan Cui, Sheng-Jun Huang*
Nanjing University of Aeronautics and Astronautics
Nanjing, 211106, China
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1 Existing methods often rely on separately trained OOD detectors, which incur
substantial training overhead, and further overlook the potential of labeled
unknowns as valuable supervision for enhancing known-class learning.
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Figure 2. Overview of the proposed E?0OAL framework. Each AL round consists of two stages: (1) Adaptive class estimation and
calibration-aware training, where latent unknown classes are discovered via label-guided clustering and incorporated into model learning

through Dirichlet-based auxiliary supervision; (2) Flexible two-stage query selection, where a high-purity candidate pool is first constructed
using a purity score guided by a target query precision, followed by informativeness-driven sample selection.
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Algorithm 1 The adaptive class estimation algorithm

Input: Labeled data pool Dy = {(z;,y;)}, known class
count k, and upper limit .
Output: Estimated number of unknown classes

1: Extract CLIP features { f;} for all z; € Dy,
2: # Ternary search for optimal unknown class count

: Compute class-wise F1 scores {F1.}
. return [["1] F1,

. & s P 4 <'—‘,>
HRRERALY| v

Function EVALUATE(m, { f:}, k):

C+—k+m

Perform K-Means clustering on { f;} into C' clusters
Match the k + 1 clusters to k + 1 classes—including all
k known classes and a unified unknown class—using
the Hungarian algorithm [15]

Assign the remaining (C' — (k + 1)) clusters to the un-

known class as well
k41

c=1

3: Inmitialize bounds: [ + k+ 1, r + Umax L:
4: whiler — [ > 2 do 2:
s omy <+ I+ 5], mo <+ [r— 3:
6: S, < EVALUATE(mq, {f;}, k)

7. Sm, < EVALUATE(me, {f;}, k)

8 if sp; < Sy, then 4:
9: [ — my

10:  else .
{1 I T < Mo 6:
12:  end if

13: end while
14: @ < argmax,,ec{,i+1,...,r} EVALUATE(m, { fi}, k)
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1 Calibrated probability

logits [0, 5,0, 0] and [—5,0, —5, —5]

~. . -

roughly 0.88 E> P(y|z) = T

> 0.60 and 0.38
Zc:l (eoc + ’Y)

[ Evidential Deep Learning (EDL) \
a N
P(y|£17) — Ewair(a)[py] — L Y - = 9(0) -1
+u
Eczl Qe ¥
LepL = Lnin + LxL
Oy L:KL — KL(DII‘(&) || DII'(].))

2=t e a=y+(1-y) 0«
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[ Purity metric

Spurity () = 0(1) — 0(2) = Max 0, — Max o,
P y( ) (1) (2) ceCy ceCqy

[ Informativeness metric
Sinto(2) = IS(p || w) - IS(p || P™), (7)

where p is the predicted probability vector from the pri-
mary head, u is the uniform distribution, and p™“* is the
one-hot encoding of the most confident class in p.

1 Flexible two-stage selection scheme

* a high-purity candidate pool is first constructed using a purity score guided
by a target query precision.

« | max (min(p; + (p* —p;),0),1) ift >0,
Pl = p» = 0

* then selecting the most informative samples for annotation.
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Figure 3. Test accuracy across AL rounds under varying mismatch ratios on CIFAR-10/100 and Tiny-ImageNet.
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Dataset CIFAR-10 CIFAR-100 Tiny-ImageNet
Mismatch ratio 20% 30% 40% 20% 30% 40% 10% 15% 20%
Random 0448 91.11 87.18 6445 5848 5548 4793 46.00 43.32
Uncertainty [18] 95.70 89.77 83.61 62.25 5352 50.83 45.83 43.40 3543
Coreset [28] 0420 89.56 86.38 63.53 56.62 55.00 50.60 47.33  45.35
BADGE [2] 9495 9091 87.12 64.00 5649 5020 49.70 48.16 46.23
MSP [11] 94.15 91.51 87.21 6533 58.69 56.68 5143 4778 46.57
LfOSA [20] 94.15 9091 8743 7032 6249 5849 58.37 54778 51.33
MQNet [21] 05.12 89.39 8742 63.770 5352 55.44 - - -
EOAL [27] 9623 93.64 9163 7373 63.69 5955 6140 56.13 52.65
BUAL [42] 9648 95.04 9252 7343 63773 59.89 63.80 56.09 50.52
EAOA [41] 97.23 9588 93.09 74.60 67.14 6349 6233 57.31 53.33
Ours* 9733 9594 93.13 7590 6754 6385 64.23 6044 54.73
1 over best baseline (%) 0.10 0.06 0.04 1.30 0.40 0.36 115 3.13 1.40
Ours 98.77 97.52 95.69 8220 72.10 6798 68.53 64.02 57.10

1 over best baseline (%) 1.44 1.64 2.60 7.60 4.96 4.49 4.73 6.71 Sl

Table F1. Final-round test accuracy (%) of all methods under varying mismatch ratios on CIFAR-10, CIFAR-100, and Tiny-ImageNet.
“Ours™” denotes a variant of our method where the target classifier is trained independently without leveraging labeled unknowns. The
best result in each setting is highlighted in bold, while the second best is underlined. Due to the poor performance and high training cost
of MQNet, we do not include it on Tiny-ImageNet, and thus mark it with “-".
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Figure 4. Mean query precision vs. mean test accuracy across rounds under varying mismatch ratios on CIFAR-10/100 and Tiny-ImageNet.
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