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Out-Of-Distribution Based on Class-wise Thresholding for
Enhancing Social Robot Trustworthiness

FA @ADL
Jihyun Hwang', Minsu Jang"

Abstract: In the realm of social robots, ensuring accurate and reliable recognition of diverse environ-
mental stimuli is crucial for effective interaction. Detecting Out-Of-Distribution (OOD) data is vital
for improving system reliability by recognizing and responding to OOD data. Existing studies typically
use a single threshold to detect OOD data. However, this method fails to reflect the differences in
characteristics and data distribution between classes, leading to performance degradation. To address
this issue, we propose a class-wise confidence thresholding that accounts for the differences in data
distribution across classes and an automatic thresholding based on grid search. Experiments with 12
datasets, including ImageNet and SUN, demonstrated the effectiveness of the proposed method for
OOD detection and open-set recognition. In OOD detection, AUROC increased by up to 1.71 and
FPRO95 decreased by up to 12.79%p compared to existing methods. In open-set recognition, average
F1-Score was 98%, and average accuracy was 95%. The class-wise confidence thresholding and grid
search-based automatic thresholding can contribute to increasing the reliability of Al robot systems
and have advantages of being flexibly applied in various situations.

Keywords: Social Robotics, Deep Learning, Out-Of-Distribution Detection, Uncertainty Estimation
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[Fig. 1] Training a classification model and setting class-wise thresholds
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[Algorithm 1] Grid-search method for fine class-wise threshold

1: Input: classes_number, confidence list

2: Qutput: optimal_threshold

3: class_number =k

4: confidence list = [cy, ¢z, 3, =", Cnl

5:true_positive = {c; | class(ci) = k A predict(c;) =k }

6: false positive = {c;| class(ci) #Z k A predict(c)) =k }
7: min_count = 00

8: optimal_threshold = None

9: for threshold in confidence list do

10: TP_below _thres = {c; € true_positive | ¢; > threshold}
11: FP_above thres = {c; € false positive | ¢; < threshold}
12: count = card(TP_below_thres)+card(FP_above thres)
13: if count <min_count then

14: min_count = count

15:  optimal threshold = threshold

16: end if

17: end for
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[Fig. 2] Image classification process of the classification model
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[Fig. 3] Open-set recognition image classification method
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[Table 1] Image classification accuracy between State-Of-The-Art
and fine-tuned models

Dataset Model
SOTA Ours
CUB-200 92.95 90.86
Stanford-Cars 99.85 94.29
Food-101 98.22 9222
Oxford-Pets 98.22 96.13
ImageNet-10 None 99.99
ImageNet-20 None 97.3
ImageNet-100 86.96 85.46

[Table 2] Image classification performance of fine-tuned models

Dataset Recall | Precision | Fl-score | Accuracy
CUB-200 90.88 91.6 90.84 90.86
Stanford-Cars 94.25 94.51 94.27 94.29
Food-101 92.22 92.3 92.21 92.22

Oxford-Pets 90.08 90.24 89.99 90.13
ImageNet-10 99.99 99.99 99.99 99.99
ImageNet-20 97.3 97.32 97.29 97.3
ImageNet-100 85.46 85.6 85.31 85.46
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[Table 3] OOD detection performance with various datasets

OOD dataset
iNaturalist SUN Places Texture
ID dataset FPR95 AUROC FPR9S AUROC FPR9S AUROC FPR95 AUROC
Baseline™/Ours
CUB-200 9.83/6.65 | 98.24//98.74 | 4.93/2.14 99.1/99.52 6.65/2.42 99.57/98.76 | 6.97/0.62 98.75/99.71
Stanford-Cars 0.05/3.04 | 99.77/99.76 | 0.02/2.11 99.95/99.9 0.24/3.09 | 99.89/99.46 | 0.02/1.78 | 99.96/99.91
Food-101 0.64/4.89 | 99.78/99.65 0.9/2 99.75/99.87 1.86/2.33 | 99.58/99.79 | 4.04/5.77 | 98.62/97.79

Oxford-Pets 2.85/1.06 99.38/99.7 1.06/0.12 99.73/99.9 2.11/1.69 99.56/99.52 0.8/0.46 99.81/99.8

ImageNet-10 0.12/0.02 99.8/99.99 0.29/0.17 | 00.79/99.15 0.88/0.8 99.62/99.06 | 0.04/0.02 99.9/99.98

ImageNet-20 1.02/4.41 99.66/99.1 2.55/3.21 99.5/99.71 4.4/3.9 99.11/99.56 | 2.43/4.56 | 99.03/99.15

ImageNet-100 18.13/182 | 96.77/95.1 | 36.45/16.36 | 99.54/96.26 | 34.52/21.67 | 94.36/96.71 | 41.2/22.93 | 92.25/96.68

[Table 4] OOD detection performance using ImageNet-1k as ID

OOD dataset
Model iNaturalist SUN Places Texture Average
ode
FPR95 | AUROC | FPR95 | AUROC | FPR95 | AUROC | FPR95 | AUROC | FPR95 | AUROC

MOS2 928 98.15 40.63 92.01 76.54 89.06 60.43 81.23 39.97 90.11
Fort et al.”!! 15.74 96.51 52.34 87.37 55.14 86.48 51.38 85.54 43.62 88.96
Energy'™ 10.62 97.52 30.46 93.83 32.25 93.01 4435 89.54 29.42 93.5
MSPH 34.54 92.62 61.18 83.68 59.86 84.1 59.27 82.31 53.71 85.68
MCM!®! 28.38 94.95 29 94.14 35.42 2 59.88 84.88 38.17 91.49
Ours 24.77 92.96 35.55 90.59 46.19 85.42 41.93 86.1 34.68 88.77

[Table 5] OOD detection performance based on thresholding o], AIQFeH -2 AUROCOA JH 1.71 B 2 J5Z HIlo
methods ™ FPROSOIA &= 2o} 12.79%p T W2 HI&-S 7|S5190t o=
Dataset Method FPR9S | AUROC ERla E11°1E1 o EN FX 9| go[EE o aﬂr Zo
Single 13.13 97.47 B EHAS 4 3E2 AXRITE T3 Hiet =32 U] glo| Bl
CUb-200 Classwise | 296 | 9928 2.9 ol it 5 18 SR AR ) s
Single 3.09 99.12 7hsdS ERIE 4= Itk
Stanford-Cars -
Class-wise 2.5 99.78 SR, tiii oA ARkt HPHe] R o] §7] 45
Food 101 Single 15.49 97.3 H7FoFRATY. [Table 4]+ ImageNet-1k H|o|EAS L 1 Hlo]
Class-wise 3.75 98.28 E]2 AR85lo] B 9] elx] 52 wylek AxkE viehdch
P Single 37.19 93.74 [Table 5]= S~ oS Shgo] B yeisio] 4719 &
Class-wise 0.83 99.74 I 9] glojejAlo] th5] B7 IR BE Akt g1zt HA] Hlo|EE 7]
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[Table 6] False-positive rate in OOD detection performance
based on thresholding methods

Dataset Method FPR95
. ATPR95 13.13
Single -
Grid-Search 3.59
CUB-200
. ATPR95 2.96
Class-wise -
Grid-Search 1.69
. ATPR95 2.46
Single -
Grid-Search 2.57
Stanford-Cars
. ATPR95 2.5
Class-wise -
Grid-Search 1.41
) ATPR95 15.49
Single -
Grid-Search 12.04
Food-101
. ATPR95 3.75
Class-wise -
Grid-Search 2.73
. ATPR95 37.19
Single -
Grid-Search 6.56
Oxford-Pets
. ATPR95 0.83
Class-wise -
Grid-Search 0.82
. ATPR95 1.27
Single -
Grid-Search 5.45
ImageNet-10
. ATPR95 0.25
Class-wise -
Grid-Search 0.3
. ATPR95 11.79
Single -
Grid-Search 17.18
ImageNet-20
. ATPR95 3.52
Class-wise -
Grid-Search 3.55
. ATPR95 42.77
Single -
Grid-Search 35.16
ImageNet-100
. ATPR95 19.79
Class-wise -
Grid-Search 11.05

74 o] BE 22 f glolEAlofA] 2t 35.8%p W2 ANE
HtH([Table 6] =). olA7 SlE H 2 S320]
27 B Bde o= E2 9 bloly 4] 52 2H
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42.3 QA A4 45 B7} 2
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Dataset: ImageNet-10
Image class: Bird
Predicted class: Bird
Confidence: 0.99
Class threshold: 0.67

Dataset: Texture
Image class: OOD
Predicted class: OOD
Confidence: 0.32
Class threshold: 0.88

Dataset: Places

Image class: OOD

> Predicted class: Caesar salad
% Confidence: 0.2

1 Class threshold: 0.08

[Fig. 6] Instance of OOD dataset image classified as ID data



[Table 7] Classification results of open-set recognition according to thresholding method
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Dataset Method Recall Precision Fl-score Accuracy
) ATPR95 89.95 64.42 74.85 75.29
Single -
Grid-Search 92.33 78.12 84.35 84.48
CUB-200
. ATPR95 97.23 94.32 95.76 89.8
Class-wise -
Grid-Search 98.69 97.36 98.02 94.61
) ATPR95 81.08 57.49 67.45 79.92
Single -
Grid-Search 80.14 60.38 68.88 80.1
Stanford-Cars
) ATPR95 98.19 96.83 97.38 85.18
Class-wise -
Grid-Search 99.19 97.88 98.03 86.8
) ATPR9S 87.54 81.71 84.54 81.66
Single -
Grid-Search 88.77 80.64 84.38 81.08
Food-101
. ATPR9S 96.65 95.83 95.77 93.88
Class-wise -
Grid-Search 99.05 96.99 97.96 96.71
. ATPR9S 60.83 74.53 66.81 62.58
Single -
Grid-Search 77.64 78.54 78.12 74.42
Oxford-Pets
. ATPR9S 99.3 97.98 87.43 97.59
Class-wise -
Grid-Search 99.64 99.39 99.5 99.15
. ATPR9S 82.21 93.35 87.41 88.07
Single -
Grid-Search 85.58 93.66 89.44 89.75
ImageNet-10
. ATPR9S 99.85 92.1 95.71 92.12
Class-wise -
Grid-Search 99.85 93.53 96.12 93.58
. ATPR95 76.89 78.32 7741 77.87
Single -
Grid-Search 82.23 80.46 81.15 81.1
ImageNet-20
. ATPR95 99.84 97.67 97.53 96.25
Class-wise -
Grid-Search 99.92 97.15 98.15 97.2
) ATPR95 59.52 60.43 59.93 51.36
Single -
Grid-Search 61.81 61.7 61.51 52.73
ImageNet-100
. ATPR95 99.64 99.08 98.98 98.79
Class-wise -
Grid-Search 99.72 99.33 99.3 99.11
A Selal B3 Y gojB 2 2R 27T 4 3t 5.4
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01 02 03 04 05 06 07

(a) Food-101’s ‘caesar salad’ class

False
True

02 0.4 06 08 10

(b) Pets’ ‘samoyed’ class

False
True

02 04 06 08 10

(c) ImageNet-100’s ‘ship’ class

[Fig. 7] Examples of model’s confidence distributions by class
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