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Introduction
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DNNs often have high confidence predictions that classify OOD
samples from unknown classes as one of the known classes.

This issue is further amplified when long-tailed distribution

The models often misclassify OOD samples into head classes
with high confidence.

The tail samples often have a much higher OOD score than the
head samples
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(b) Prediction confidence

(a) Feature representations of CIFAR100-LT test data
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IS ST B O

NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS

Related Work

OOD Detection
1. The post hoc methods: devising new OOD scoring functions in the inference phrase.
2. Utilizing auxiliary data during training: OE ([ICLR2018]Deep Anomaly Detection With Outlier Exposure)

Lok = Eqynp,, [((f(2), Y] + VEzn,,, [E(f(2), u],

Focused on balanced ID training data.

OOD Detectionin LTR

1. Utilizing unlabeled auxiliary OOD data to enhance the robustness of OOD detection and improve ID
classification accuracy.

2. Fitting the prediction probability of OOD data to a long-tailed distribution. It is difficult to obtain
such an accurate prior distribution of OOD data in LTR.

We instead utilize the outlier class learning to eliminate the need for such a prior.
ﬁOCL — ]E:r?waiﬂ [g(f(x)? y] —I_ W}EINDOH'E [f(f(:l’:).. g]‘
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Related Work

EOE — E;{:,ywﬂin [f(f(:r)., y] + ﬁ/E;ﬂNDGuL [f(f(l’).. u‘]: (1)
*COCL — Em,,yw?.?iﬂ [g(f($)a y] + ﬁ/Emm'Dmlt [f(f(.f{?).. g] (2)

OE achieves promising performance in general OOD detection scenarios, but works
less effectively when applied to LTR settings. It is mainly because the uniform
prediction probability prior in EqQ.1 does not hold in LTR.

e OOD -> head classes
e Tail classes -> O0OD
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ID data

(a) Pipeline

Debiased Large Outlier-Class-Aware
Margin Learning Logit Calibration
Training Inference
—

Tail«—ID classes—Head

OO0OD-Aware Tail Class
Prototype Learning

Debiased Head
Class Learning

Farthest OOD Sample

Random Head Sample

(b) Debiased large margin learning
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(c) Outlier-class-aware
logit calibration



M@thOd/Debiased Large Margin Learning
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Problem: The tail classes samples tend to exhibit high OOD scores during LTR
inference.

Previous work: attempts to utilize diverse augmentations to push tail samples
away from OOD samples, but it often learns non-discriminative representations
between OOD samples and tail samples due to the limited size of tail classes.

Method: a learnable prototype of one tail class as positive sample to pull tail
samples closer to their prototype.

L= EINDtaiE [Et('rv M)]a M e RNxD

(, log exp(2(z)m/t) x) = exp(z(z)z(2)7/
M) =15 53 S eap(z(ymt/t) + Pz)’ L) Z@ p(2(2)2(2)'/%)

zeB mem

OOD-Aware Tail Class
Prototype Learning

i I
= Pull ==




MethOd/Debiased Large Margin Learning
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Problem: Due to the overwhelming presence of head class samples, LTR models
demonstrate a strong bias towards head classes when performing OOD detection.

Method: the OOD samples as anchor, with randomly sampled head samples as
negative samples and the OOD samples that are distant from the anchors in the

feature space as positive samples.

f,h — IE:?:N'D,mt [ﬁh(m)]’

1
Ly(z) = G Y " maz(0, ||2(z) — 2(z") |3

xzel3
—||z(z) — z(z™)||3 + margin),

Liotal = Loct, + aLy + BLy
— Em,ym'})in [p(f(?”)? ?.i"] + ’}IE{_{:NDO*L)“ [ﬂ(f(']':)‘ ?}]
+ aEiEN'Dmu [EL (.’I,‘, M)] + BEznp, ... [-ah,(-'i'?)},

Debiased Head
Class Learning

Farthest OOD Sample

Random Head Sample
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M ethOd/OutIier-CIass-Aware Logit Calibration

Problem: due to the inherent class imbalance in the training data, the LTR model
often tends to have a higher confidence on the prediction of head samples than
both the tail samples and the OOD samples.

efi(x)—Tlogn; N, Calibration

Py =ilx) =

ng = )
Eji_{ Fi-fj(x)_j"lognj i Ny + Ng+---+ Ng

0000 -

- -

We do not have genuine OOD samples during training and OOD samples should
be as important as ID classification

N1 = 1 (¢) Outlier-class-aware
logit calibration
decrease the probability of head classes and increase that of tail classes, while
taking into account the influence of OOD samples on the prediction.
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Experiment

00D Method | AUCT | AP-inT | AP-out] | FPR| 00D Methf)d AUCT | AP-int | AP-outf | FPR] Method AUCT | AP-inT | AP-outf | FPR] | ACCT
OE | 9230 | 96.01 | 8257 | 4865 OE | 7601 | 8528 | 5747 | 8745 MSP 5578 | 35.60 | 74.18 | 9401 | 4536
Texture OCL 93.71 95.95 91.07 27.22 Texture OCL 75.92 82.99 6648 70.01 OE ‘6‘8‘33 ;13.87 82‘5 4 90.98 4400
COCL | 96.81 | 98.21 93.86 | 14.65 COCL | 8199 | 88.05 74.38 | 59.79 ) ’ | ’ ’
OE 94.86 9159 97.00 3911 OF 81.82 73.25 89.10 30.98 EIICI'gyOE 6943 45.12 84.75 ?689 44.42
SVHN OCL | 95.14 | 9088 | 9773 | 2547 SVHN | OCL_ | 7864 | 69.21 | 8626 | 8638 OcL. O8.67 1 43111 8415 1 77.46 | 44.77
COCL | 9698 | 9325 | 9861 | 12.59 COCL | 89.20 | 8157 | 9421 | 54.46 PASCL | 6800 | 43.32 | 8269 | 82.28 | 47.29
OE 3330 24.06 30.83 65.82 OE 62.60 66.16 57.77 93.53 OS ) 69.23 421 84.12 79.37 | 45.73
CIFAR100 OCL 2204 2257 81.92 6335 CIFAR10 OCL 60.29 | 63.21 55.71 94.22 Class Prior 70.43_ 45.26 84.82 77.63 | 46.83
Tiny OE 3635 3088 7930 6450 [ Tm)l[q \ oCL €055 | 7997 e 8501 COCL 71.85 46.76 86.21 75.60 | 51.11
ImageNet OCL 85.90 88.98 82.17 57.46 mageiNe COCL 71.87 81.80 57.12 83.03 Table 4: C e ) X . ) )
COCL | 9043 | 02.52 37.03 3612 O 68T 8533 0018379 able 4: Comparison results on ImageNet-LT with
OE 91.57 03.06 88.37 53.99 LSUN OCL 79.14 £6.56 66.58 75.07 Imachcl—lk—OOD as 00D test dataset.
LSUN OCL 92.75 92.69 93.10 30.95 COCL | 84.10 §9.89 69.80 | 74.67
COCL | 94.85 | 9543 09398 | 2748 OE 75.68 | 60.99 8651 | 83.55 _— - - —
OE 90.20 82.09 95.24 57.06 Place365 OCL 77.81 62.80 88.39 79.97 Metric OF ('lkggéo LICOCL OF ('IH(\)%II?O LéOCL
Place365 OCL 89.91 77.91 96.28 42.33 COCL | 80.30 68.65 89.16 77.83 AUC 3760 8484 9191 | 6408 6611 7485
COCL | 9397 | 87.36 9756 | 32.25 . : C1 : : o : ) ity
(a) Comparison of COCL to OE and OCL on six OOD datasets. AP-int | 60.47 61.56 76.98 34.07 3497 47.76
(a) Comparis()n of COCL with OE and OCL on six OOD datasets. Method AUCT | AP-inT | AP-outf | FPR| | ACCtT AP—OULT 92.28 94.75 97.15 83.19 85.74 87.59
Method AUCT | AP-4nf | AP-outt | FPR] | ACCT MSP 6393 | 64.71 60.76 89.71 | 40.51 FPR] 72.10 52773 3430 | 9248 8253 77.01
MSP 7433 | 7396 | 72.14 | 8533 | 72.17 OE | 7352 | 7506 | 6727 | 86.30 | 39.42 ) On separafine ail samples from OOD data
OF .76 | 8945 | 8722 | 5319 | 7359 EnergyOE | 7640 | 7732 | 7224 | 7633 | 41.32 (a) On separating tail samples from ata.
EnergyOE | 91.92 | 91.03 | 91.97 | 33.80 | 7457 OCL | 7330 | Jal2 | 69.65 ) BLOS | 4l stric CIFARIO-LT CIFAR100-LT
nergy : : : : : PASCL 73.32 74.84 67.18 79.38 | 43.10 Metric OE OCL COCL OE OCL COCL
OCL 89.91 88.15 90.38 41.13 | 74.48 :
- 0S8 7437 | 7580 | 7042 | 78.18 | 40.87 AUCT | 9507 9579 96.34 | 8442 8385 87.73
PASCL 90.99 90.56 89.24 4290 | 77.08 Class Prior | 76.03 7731 72.26 76.43 | 40.77 :
0S 91.94 91.08 8935 36.92 | 75.78 BERL 7775 7861 7110 7486 | 4588 AP-int | 91.09 88.72 9334 | 70.16 68.44 73.84
Class Prior | 92.08 91.17 90.86 34.42 | 74.33 COCL 78.35 79.37 73.58 74.00 | 46.41 AP-outt | 98.17  98.54  98.67 | 9285 92.83  93.94
BERL 92.56 91.41 91.94 3283 | 81.37 FPR| 2057 2267 19.59 | 70.17 67.94 66.01
5 (b) Comparison results with different competing methods. The ]
cocl 93.28 92.24 92.89 2058 | 8156 resu]tg are averaged over the six OOD tgst dziasets in (a). (b) On separating head samples from OOD data.
(b) Comparison results with different competing methods. The
results are averaged over the six OOD test datasets in (a). Table 3: Comparison results on CIFAR100-LT. Table 5: Comparison resulls on separating tail/head samples
from OOD samples. The results are averaged over six OOD
Table 2: Comparison results on CIFAR10-LT. test datasets in the SC-0O0D benchmark.
the difficulty of learning the outlier class differentiating tail and OOD samples is
given the similarity between these two often more difficult than differentiating

datasets head and OOD samples
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EXperiment/abiation study

<

ID Dataset | TCPL DHCL OLC [ AUCT [ AP-inf [ AP-outf | FPR] | ACCT | ACC-tf « Tail Class Prototype Learning (TCPL)
Baseline (OE) 80.76 | 89.45 8722 | 53.19 | 73.59 | 5501 . . .
X X X 8991 | 88.15 9038 | 41.13 | 7448 | 56.52 Debl_ased Head Class Lea_rmng_(DI—!CL)
J X X 90123 | 8947 9151 34927 | 7458 | 57.10 * Outlier-Class-Aware Logit Calibration (OLC)
CIFAR10-LT X v X 91.08 | 89.40 91.10 | 35.28 | 74.61 | 56.92
X X v/ 92.06 | 91.29 01.78 | 3441 | 7940 | 7657
v v X 91.74 | 89.91 9204 | 33.85 | 7520 | 57.30
v v Ve 93.28 | 92.24 92.89 | 30.88 | 81.56 | 77.90
Baseline (OE) 7352 | 75.06 6727 | 86.30 | 3942 [ 1239
X X X 7356 | 74.12 6065 | 8193 | 4154 | 12.06
v X X 75.14 | 75.74 7125 | 7839 | 41.93 13.53
CIFAR100-LT X v X 7470 | 75.36 7063 | 7896 | 4242 | 1333
X X v 75.51 | 75.83 7166 | 7757 | 4562 | 2844
v v X 76.09 | 76.59 7192 | 7620 | 4246 | 13.89
v/ v s 78.25 | 79.37 73.58 | 74.09 | 46.41 | 29.44 0.20
Baseline (OE) 68.33 | 4387 8254 | 9098 | 44.00 7.65 o
X X X 68.67 | 4311 8415 | 7746 | 4477 802 S 015
v X X 70.08 | 44.68 85.04 | 76.61 | 44.59 8.49 a
ImageNet-LT X v X 69.64 | 44.11 8483 | 76.62 | 45.00 8.43 S o010
X X v 7037 | 45.07 8535 | 7631 | 50.16 | 26.03 o)
v v X 70.78 | 45.19 85.61 | 76.26 | 45.24 9.92 -
v/ v v/ 71.85 | 46.76 86.21 | 75.60 | 51.11 | 28.05
Table 6: Ablation study results on CIFAR10-LT, CIFAR100-LT and ImageNet-LT. | 2 a4 65 8 000 2 4 6 8
Head <-- class --= tail Head =-- class --= tail

Figure 3: Results on CIFAR10-LT. (Left) The mean predic-
tion confidence of six OOD datasets belonging to each 1D
class. (Right) The mean OOD score for each ID class.
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Thank you
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