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Background

[>JOOD/OSR:
* Correctly classify ID (in-distribution) samples + reject OOD (out-of-distribution) samples
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[>] Test-Time Adaptation (TTA):
* TTA adapts the trained model to the novel data by updating its parameters with a mini-batch
or full unlabeled test data during testing.

Recent advances in open set recognition: A survey TPAMI 2021



Motivation

iNaturalist, MSP,corr = 0.68 iNaturalist,energy,corr = 0.79 iNaturalist,ODIN,corr = 0.77 iNaturalist,KL,corr = 0.79
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Figure 2. Visualization of Canonical-Correlation Analysis of Ima-
geNet and two OOD datasets’ features and OOD scores.



Method

[»Model OOD score: s = ZT[J) Sl ¥

[» JRanking problem:

Suppose there exist a groundtruth OOD score: § = A 15,
It can perfectly rank ID and OOD samples: z; g > Z(—Jrut 5

If the error distorted the ranking: Z;ﬁ + B K Zl—utﬁ + Eout

detectors make mistakes

Aim: estimate the B from the feature-score pairs (z;, S;)

|

get a more precise estimation of S



Method

[»RTL

[>RTL++

which yields the closed-form solution
B=(ZTZ)'Z7s,

then

When OOD methods do not work good enough,

introducing an explicit data-dependent variable y;
to model this small amount of large error

8i=z;-rﬁ+’}’z‘+€z'

. . Sparse
Aim: find samples with zero y; to fit 3 P
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Figure 1. [Illustration of our RTL. Blue/orange points denote
in/out-of-distribution features. The probability density plot of the
OOD score distributions of in and out-of-distribution samples are
different. We fit a linear regression between the OOD scores and
features as a robust test-time learning method. Then we calibrate
the OOD scores to get better OOD predictions.




Method

n
) 1
min [5(35 = Zjﬁ = ’Y-a:)2 + Al

Suppose all y; are resolved, we can get closed-form estimation of 3
b=(2"2)'27(S — )

—~ ~

Define projection 7 — [ — Z(Z"Z)'ZT and S =ZS

D S R
Simplify the objective to Lasso  min 5[|S — Zy|3 + A1

Algorithm 1: Subset selection of RTL++

1 Input: features z, and OOD score s;, 1 < i < n,
E|Choose the most reliable subset to estimate f3 2 Normalize z, to unit Euclidean norm
3 Apply dimensionality reductionon z; to d < n
4 Stack z; and s; by rows to Z and S
5 Calculate projection Z =1 — Z(Z ' Z)'Z" and
S =128
6 Solving Lasso ¥ = argmin,, é IS — Zv|12 + A1

B — (ZLszub)TZ;[,stuh-

7 Select a subset Z with the lowest p% of |%il.
8 return Z




Method

Epnline RTL

Two batch data pairs: 7 = [ Z,

Recall that

v AW/

Z,

Lsz

5

B=(ZTZ)'ZTS

2] Z]]

2] Z;]

=Z{Z,+Z]Z,

=ZS1+2Z]S,



Experiments

00D Dataset iNaturalist SUN Places Textures Average
Ik detnes CIERE: CIEAR-100 Metric FPR9S AUROC FPR9S AUROC FPR9S AUROC FPR9S AUROC FPR9S| AUROC?
Metric FPR95) AUROCT FPR95) AUROCT

IF 8858  61.60 9012 5785 9345 5024 5434 8176  81.62 64.36
Softmax 51.37 90.87 80.21 75.67 LOF 9516  S51.57  94.89 5227 9305 5637 8202 6539  91.28 56.40
+RTL 12.30 97.01 51.63 84.50 GMM 8790 6843 8999 6329 9685 5283 9537 3534 9253 54.97
+RTL++ 13.50 96.42 43.73 87.06 GradNorm 5003 9033 4648  89.03  60.86 8482 6142 8107 5470 86.31
Energy 32.98 91.88 73.46 79.67 MSP 63.69 8759 7998 7834 8144 7676 8273 7445  76.96 79.29
+RTL 18.01 94.96 60.63 81.15 +RTL 21.03 9498 5068  87.14 5722 8448 5848 8024  46.85 86.71
+RTLA+ 16.14 95.64 58.06 §2.43 +RTL++ 1876 9560 4840 8870 5672 8532 5998 7991 45.97 87.38
ODIN 35.77 90.96 74.55 77.23 Energy 6491 8848 6533 8532 7302 8137 8087 7579  71.03 82.74
+RTL 37.94 86.10 51.87 81.52 +RTL 4548 9104 5206  88.68 6268 8435 6949 7539 5743 84.87
+RTL++ 35.79 87.24 51.73 82.74 +RTL4++ 4157 9203 4984 8932 6237 8405 7044 7652  56.06 85.48
KL 32.98 91.88 73.46 79.67 KL 6491 8848 6532 8531 7302 8137 8087 7579  71.03 82.74
+RTL 18.01 94.96 60.63 81.15 +RTL 4548  91.04 5206  88.68 6268 8435 6949 7539  57.43 84.87
+RTLA++ 16.12 95.64 58.06 82.43 +RTL++ 4157 9203 4984 8932 6237 8405 7044 7652  56.06 85.48
IF 79.96 62.47 80.91 66.15 ODIN 6269 8936 7167 8392 7627 8067 8131 7630  72.99 82.56
LOF 95.81 56.45 98.23 43.32 +RTL 3527 9287 5159 8840 6071 8444 6672 7678 5357 85.62
GMM 81.70 58.28 94.06 69.96 +RTL4++ 3610 9278 5187 8823 6135 8428  67.06 7658  54.09 85.47

GradNorm 59.84 71.65 86.55 57.56

Table 3. Results on ImageNet-1k and iNaturalist/SUN/Places/Textures datasets. The best and second-best results are highlighted in bold

Table 2. Results on CIFAR. The best and second best results are : :
and underlined font, respectively.

highlighted by fonts of text bold and underlined, respectively.



Experiments

In Dataset CIFAR-10 CIFAR-100 In Dataset CIFAR-10 CIFAR-100
Metric Size ~ FPR95| AUROCT FPR9S, AUROCt Batch Size ~ FPR95, AUROCT FPR95, AUROCt
Mg‘], - ?;SZ gggg gg-él 527 Raw Softmax  51.37 90.87 80.21 75.67
#omiine : ' 54 e 32 15.06 96.05 55.84 8331
Energy 32.98 91.88 73.46 79.67 64 15.04 96.07 55.77 83.34
+Online RTL 18.57 94.89 62.00 80.91 128 14.99 96.10 55.64 83.38
ODIN 35.77 90.96 74.55 77.23 256 14.79 96.24 55.29 83.53
+Online RTL  40.30 85.15 54.66 80.24 512 14.53 96.38 54.79 83.69
= on e = = 1024 14.16 96.52 53.08 83.89
+Online RTL 1857 94890 6200 8091 All data 12.30 97.01 51.63 84.50

Table 4. Results on CIFAR under different OOD detector. Table 5. Online RTL on CIFAR with different batch size.



Experiments
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Figure 6. RTL++ results with different percentile of selected sub-
set data on CIFAR-100 with MSP(left) and ODIN(right).
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Figure 2. Qualitative examples



Thank you!



