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Goal: query less for more.

OOD examples exhibit high uncertainty and diversity because they share neither class-distinctive
features nor other inductive biases with ID examples
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(a) Purity-informativeness Dilemma.

Whether purity needs to be focused on throughout the entire training period?
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» The optimal query set:

Update © «

SZQ — argmin E(:C,’Q)ETIN [fds (f(xa @SLUSQ)a y)} 9 MQ'Net
Sor C(Sa)<b

— — w>=(
where C(Sg) = Y (Lpex;ncin + Lzexoon]Co0D) Unlabeled C@ Labeled

U= {Xin,Xoop} ‘?_L

» MQ-Net: ~— (— Updatew—\

Self-validation

* P(x) : purity score of an example x P(x)(I(x) o | J
* I(x) :informativeness score of an example x Quer g ih S

e 7z, =(P(x),1(x)) . ’ - ‘

* ®(z,):ascore combination function Flgure 2: Overview of MQ'Net'
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Update 0
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» Target model objective:

date w
gmce (.CE) — ]]‘[lm:l]éce (f(CE; @), y) P(x), 1(x) (_’Sel‘f?alildation
Query (MIA So
> Meta Obj@Ctive: Figure 2: Overview of MQ-Net.
L(Sg)= y: y: maX(O, —Sign(ﬁmce(m),ﬁmce(xj)) - ((D(zm;w) — D(2z,;W) + n))
1€5¢q JESQ

O (zy;; w) is forced to be higher than CID(ij; W) if Lyce (X)) > Liyce (xj)
O (zy;; w) is forced to be lower than (ID(ij; W) if Lce (X)) < Lpce (%)
sit. Vo, xy, if P(x;) > P(r;) and Z(x;) > Z(x;), then P(zp,;w) > P(2,, ;W)

Theorem 4.1. For any MLP meta-model w with non-decreasing activation functions, a meta-score
function ®(z;w): RY — R holds the skyline constraints if w = 0 and z(€ R?) = 0, where = is the
component-wise inequality.
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(a) Accuracy comparison over AL rounds on CIFAR10 with open-set noise of 10%, 20%, 40%, and 60%.
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(b) Accuracy comparison over AL rounds on CIFAR100 with open-set noise of 10%, 20%, 40%, and 60%.
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(c) Accuracy comparison over AL rounds on ImgeNet with open-set noise of 10%, 20%, 40%, and 60%.
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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 8564 | 60.88 59.69 5552 4737 | 62772 60.12 54.04 4824
CONF 92.83 91.72 88.69 8543 | 62.84 60.20 53.74 4538 | 63.56 62.56 51.08 45.04
Standard CORESET | 91.76 91.06 89.12 86.50 | 63.79 62.02 56.21 4833 | 63.64 6224 5532 49.04
AL LL 92.09 91.21 89.41 86.95 | 65.08 64.04 56.27 48.49 | 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 61.48 54.04 47.80
Open-set CCAL 90.55 8999 88.87 87.49 | 61.20 61.16 56.70 50.20 | 61.68 60.70 56.60  5I1.16
AL SIMILAR | 89.92 89.19 88.53 87.38 | 60.07 59.89 56.13 50.61 | 63.92 6140 5648 52.84
Proposed MQ-Net 93.10 92.10 9148 8951 | 6644 6479 5896 5282 | 6536 63.08 5695 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 | 3.53 326 3.33 4.78 10.6 8.18 9.71 16.39 | 5.97 3.92 11.49  20.14
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Table 2: Effect of the meta inputs on MQ-Net.
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Table 3: Efficacy of the self-validation set.

Dataset CIFARIO0 (4:6 split)
Noise Ratio 10% 20% 40% 60%
MOQ-Net Query set | 93.10 92,10 9148 89.51
Random 92.10 91.75 90.88 87.65

Table 4: Etficacy of the skyline constraint.

Dataset CIFARIO (4:6 split)

Noise Ratio 10% 20% 40% 60%
Standard AL BADGE 92.80 91.73 89.27 86.83
Open-set AL CCAL 90.55 89.99 88.87 87.49

CONF-ReAct | 93.21 91.89 89.54 87.99
CONEF-CSI 93.28 92.40 91.43 89.37
MQ-Net
LL-ReAct 92.34 91.85 90.08 88.41
LL-CSI 93.10 92.10 91.48 89.51

Noise Ratio 10% 20% 40% 60%
| w/skyline | 93.10 92.10 9148 89.51
MQ-Net |w/o skyline | 87.25 8629 83.61 81.67
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Table 5: Efficacy of the meta-objective in MQ-Net. We show the AL performance of two alternative
balancing rules compared with MQ-Net for the split-dataset setup on CIFAR10 with the open-set
noise ratios of 20% and 40%.

Dataset [Noise Ratio Round 1 2 3 4 5 6 7 8 0 10
'P(:E) + Z(x)| 61.93 73.82 76.16 80.65 82.61 85.73 87.44 88.86 89.21 89.49

20% | P(z)-Z(x) | 6193 7179 7809 8132 84.16 8639 8874 89.89 9054  91.20
CIFAR10 MQ-Net 61.93 7382 80.58 84.72 8731 8920 90.52 9146 91.93  92.10
(4:6 split) P(z)+Z(z)| 5931 7250 7567 7878 8170 83.74 8508 8648 8747  88.86
40% | P(z)-I(z) | 5931 6637 7357 7785 8137 8422 8680 88.04 88.73  89.11
MQ-Net 5931 7250 79.54 8294 8577 88.16 89.34 90.07 9092 9148
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Figure 3: Overview of the open-set classifier training.
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Algorithm 1 OpenMatch Algorithm.

1: Input: Set of labeled data S = ((xb?yb); be(l,... ?N)), set of unlabeled data S,, = (ub; b €

(1,...,NNy)), and set of pseudo-inlier data K = 0.

Data augmentation function 7. Model parameters w, learning rate 7, epoch E'¢;, and E},, ., iteration
I'max, trade-off parameters, Acyy, Aoc, A fms

for Epoch =1 to E.x do

for Iteration = 1 to I,,.« do
2: Sample a batch of labeled data X € § and unlabeled datald € S,,;
3: Compute L, = Lgyp(X) + AemLem(U) 4 AocLoe(U, T): // Eq.1, 2 and 3
if Epoch > E;, then
4. Sample a batch of pseudo-inliers Z € K; // Sample pseudo-inliers.
5: Compute Loy += A L (L) ; // FixMatch for pseudo-inliers.
end
6: Update w = w — NV Lai; // Update weights
end
if Epoch > Et;, then
| 7: Update K = Select(w, D,,); // Detect outliers and select pseudo-inliers.
end

end
8: Output: Model parameters w.
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Dataset CIFAR10 CIFAR100 CIFAR100 ImageNet-30
No. of Known / Unknown 6/4 55745 80 /20 20/ 10
No. of labeled samples 50 100 400 50 100 50 100 10 %
Labeled Only 35.7+11 30.5+07 20.0+03  37.0+08 27.3+05  43.64+05 34.7+04 20.9+1.0
FixMatch [35] 432412 29.8+06 16.3+05 354+07 27.3+08  41.2+07 34.1+04 12.9+04
MTC [44] 20.3+09 13.7409 9.0+05 33.5+12 27.9+05 40.1+08 33.6+03 13.6+0.7
OpenMatch 10.4+09 7.1+05 5.9+05 27.7+04 24.1+06  33.4102 29.5+03 10.4+1.0

Table 1: Error rates (%) with standard deviation for CIFAR10, CIFAR100 on 3 different folds. Lower
is better. For ImageNet, we use the same fold and report averaged results of three runs. Note that the
number of labeled samples per class 1s shown in each column.

Dataset CIFARI10 CIFAR100 CIFAR100 ImageNet-30
No. of Known / Unknown 6/4 55745 80/20 20/10
No. of labeled samples 50 100 400 50 100 50 100 10 %
Labeled Only 63.9+05 64.7+05 T76.8+04  T76.6+09 T79.9+09  70.3+05 73.9+09 80.3+1.0
FixMatch [35] 56.1+06 60.4+04 71.8+04  T72.0+13 75.8+12 64.3+10 66.1+05 88.6+05
MTC [44] 96.6+06 98.2+03 98.9+0.1 81.2434 80.7+46 794425 73.2435 03.8+08
OpenMatch 99.3+03 99.7+02 99.3+02  87.0+11 86.5+21  86.2+06 86.8+14 96.4+0.7

Table 2: AUROC of Table 1. Higher is better. Note that the number of labeled samples per class is
shown in each column.
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Dataset CIFARI10 CIFAR100 ImageNet-30
No. Known / Unknown 6/4 80 /20 20/ 10
No. Labeled samples 50 400 50 100 10 %
without SOCR 60.5+28 75.8+08  70.4+01 73.2+02 81.3+04
with SOCR 81.3+29 96.8+06  78.9+0.1 85.0+0s8 89.3+03

Table 3: Ablation study of our soft consistency regularization (SOCR, L,.). We report AUROC

scores (%). In this study, we do not apply FixMatch to pseudo-inliers to see the pure gain from
SOCR.

nwb K
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Figure 3: The histograms of the outlier detector’s scores obtained with ablated models. Red: Inliers, Blue:
QOutliers. From left to right, a model without FixMatch and SOCR, a model without FixMatch, and a model with

all objectives. These results show that SOCR ensures separation between inliers and outliers, and FixMatch
added to SOCR can further enhance this separation.
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