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Grey Whale 32.94

Leatherback Turtle 25.53

Killer Whale 25.00

Great White Shark 24.94

Schooner 24.91

Top 5 logits on ImageNet-1K classes

Grey Whale 34.22

Killer Whale 31.00

Great White Shark 30.97

Sea Lion 30.50

Submarine 30.23

Background interference Top 5 logits on ImageNet-1K classes
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iNaturalist SUN Places Texture Average
Method FPR95S| AUROCT FPRYS] AUROCT FPRY5] AUROCT FPRY5| AUROCT FPRY95| AUROC?T
Zero-shot
MCM [30]* 3094 9461 37.67 9256 4476 89.76 5791 86.10 4282 90.76
GL-MCM [33]" 15.18 96.71 3042 93.09 3885 8990 5793 83.63 3547 90.83
Fine-tuned
ODIN [28]1 30.22 9465 54.04 87.17 55.06 8554 51.67 8785 47.75 88.80
ViM [50]1 32.19 93.16 54.01 87.19 60.67 8375 5394 87.18 50.20 87.82
KNN [45]T 29.17 9452 35.62 92.67 39.61 91.02 6435 8567 42.19 90.97

NPOSwmcwm [46]1 16.58 96.19 4377 9044 4527 8944 46.12 88.80 37.93 91.22
NPOSmcm [46]° 19.59 95.68 4826 89.70 4982 88.77 51.12 87.58 4220 90.43

NPOSg.* 18.70 9536 3899 9033 4186 8936 47.89 86.44 36.86 90.37
Prompt learning one-shot (one label per class)

CoOpmem 4338 9126 3853 9195 4668 89.09 5064 8783 4481 90.03
CoOpaL 2130 9527 31.66 9216 4044 8931 5293 8425 3658 90.25

LoCoOpwmcm (ours) 38.49 9249 3327 93.67 3923 91.07 4925 89.13 40.17 91.53

LoCoOpgL (ours) 24.61 9489 2562 9459 3400 9212 4986 8749 3352 9214
16-shot (16 labels per class)

CoOpmem 28.00 9443 3695 9229 43.03 89.74 3933 91.24 36.83 9193

CoOpcL 14.60 96.62 2848 92.65 3649 8998 43.13 88.03 30.67 91.82

LoCoOpmcm (ours) 23.06 9545 3270 9335 3992 9064 4023 9132 3398 92.69

LoCoOpgL (ours) 16.05 96.86 2344 9507 32.87 9198 4228 90.19 28.66 93.52
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Experiment PEII'NF_[: S -
Method Texture iNaturalist Places SUN Avg
AUCT FPR95] AUCT FPR95] AUCT FPR95|] AUCT FPR95| AUCT FPR95 |
Zero-shot methods
MCM [32] 86.11 57.717 94.61 30.91 89.77 44.69 92.57 34.59 90.76 42.74
CLIP-based posthoc methods
MSP [11] 74.84 73.66 77.74 74.57 72.18 79.12 13.97 76.95 74.98 76.22
MaxLogit [13] 88.63 48.72 88.03 60.88 87.45 55.54 91.16 44.83 88.82 52.49
Energy [27] 88.22 50.39 87.18 64.98 87.33 57.40 91.17 46.42 88.48 54.80
ReAct [40] 88.13 49.88 86.87 65.57 87.42 56.85 91.04 46.17 88.37 54.62
ODIN [24] 87.85 51.67 94.65 30.22 85.54 55.06 87.17 54.04 88.80 47.75
Prompt learning methods
CoOp [55] 89.47 45.00 93.77 29.81 90.58 40.11 93.29 40.83 91.78 51.68
LoCoOp [33] 90.19 42.28 96.86 16.05 01.98 32.87 95.07 23.44 03.52 28.66
LoCoOp+AECD 92.01 38.40 97.32 14.34 92.00 32.07 94.73 25.18 94.02 27.50
Open-vocabulary OOD detection

CoOp (10%) [23] 87.58 50.55 91.08 42.53 89.56 46.12 91.52 41.92 89.94 45.28
LoCoOp (10%) [23] 88.21 47.32 94 .47 34.90 91.64 39.85 92.54 26.30 91.72 37.09
LoCoOp+AECD (10%) 90.11 44 .42 95.23 32.75 92.33 41.34 93.63 243 92.83 35.70
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Sea snake Lemon Marmot Volleyball

Background: Sea water, Sand, Reef Background: Leaves, Chair, Tumbler Background: Grass, Stones, Flowers Background: Players, Beach. Net

Figure 3. Some images from ImageNet-Bg (right) and the ImageNet validation set (left).
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Experiment PEII'NF_[:

Method iNaturalist SUN Places Texture Avg
AUROCT FPR95 | AUROCT FPR95 | AUROCT FPR95 | AUROCT FPR9S | | AUROCT FPRYS |
Training-free methods
Z0OC [10] 86.09 87.30 81.20 81.51 83.39 73.06 76.46 98.90 81.79 85.19
MCM [33] 94.61 30.94 92.56 37.67 89.76 44.76 86.10 57.91 90.76 42.82

GL-MCM [39] 96.71 15.18 93.09 30.42 89.90 38.85 83.63 57.93 90.83 3547
CLIPN-A [49] 95.27 23.94 93.93 26.17 90.93 40.83 92.28 33.45 93.10 31.10
DPM-F [57] T 96.84 15.26 91.78 42.58 89.60 45.99 85.74 57.55 90.99 40.35

Outlier-label exposure methods
Negl.abel [21] 99.48 1.99 95.43 21.05 91.95 34.95 90.90 44.79 94.25 25.69

LAPT [55] 99.63 1.16 96.01 19.12 92.01 33.01 01.06 40.32 04.68 23.40
EOE [4] 97.52 12.29 05.73 20.40 02.94 30.16 85.64 57.53 92.96 30.09
OLE [&] 98.33 7.61 04.87 22.44 92.45 31.73 92.40 34.70 94.51 24.12

Requires few-shot training (or w/ fine-tuning)
CoOp [60] 96.62 14.60 92.65 28.48 89.98 36.49 88.03 43.13 01.82 30.67
LoCoOp [35] 96.86 16.05 05.07 23.44 91.98 32.87 90.19 42.28 03.52 28.66
SCT [51] 95.86 13.94 05.33 20.55 02.24 29.86 89.06 41.51 93.37 26.47
DPM-T [57] } 97.04 14.47 93.19 33.06 89.78 39.46 87.49 49.73 01.88 34.18
ID-like [2] 98.19 8.98 01.64 42.03 91.15 41.74 94.38 26.77 93.84 29.88

NegPrompt [27] ¥  90.69 45.97 92.18 39.43 91.65 37.49 90.01 44.84 91.13 41.93
OSPCoOp (Ours) 97.13 15.25 96.74 18.26 94.01 23.74 91.13 41.26 94.75 25.13
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CoOp & CoOp o CoOp e CoOp
a5} LoCoOp Sip +— LoCoOp g LoCoOp ak LoCoOp
“—Ours 49+ - Ours a6 b & Ours #— Ours
94 F — 47 39%
. - > - o - 95F s
- s 45 + R 7/
43t -
35+
8ozt 41} g o4g g
S o] ' | &asl : ¢ S 1 k&2
91| 5 W U= L 3 w
: a7 t < 93 - a4%
90t
35k 92 29}
L/ - 33F d
89 5 A . 27+
| 3 » : at b =
88 sal . l 25+
87 i i i 27 A . - 90 l A A A 23 L - -
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shots shots shots shots

Places Texture Avg
OOD Ave SR T FPR | AURT FPR| AURT FPRJ
None  92.02 3471 8927 4638 9297 32.54
Rep  92.58 32.17 90.08 44.50 93.43 29.82
Bg 93.85 2595 90.90 41.35 94.65 24.77
Rep+Bg  94.01 2574 91.13 4126 94.75 25.13

Table 4. Ablation study of OOD augmentation. 'Rep’ stands for
the data generated by repeating local ID regions, and 'Bg’ stands
for using the decoupled OOD content with ID regions inpainted.
Avg’ stands for the results on the four traditional OOD datasets.
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