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Background -> Prompt Learning (or Prompt Tuning)
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Background -> Prompt Learning (or Prompt Tuning)
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Background -> Prompt Learning (or Prompt Tuning)
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Motivation
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Method
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Overview of NegPrompt
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Negative-Image Separation Loss (NIS)
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Negative-Positive Distance Loss (NPD)
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Negative-Negative Distance Loss (NND)
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Experiments

ID dataset: ImageNet-lk  OOD dataset: iNaturalist, SUN, Places and Textures

Method Texture iNaturalist Places SUN Avg
AUCtT FPR95| AUCT FPR95| AUCt FPR95| AUCT FPR9S| | AUCT FPR9S |

Zero-shot methods
MCM [32]T 86.11 ST 7 94.61 30.91 89.77 44.69 92.57 34.59 90.76 42.74
CLIPN [47]1 90.93 40.83 93.27 23.94 92.28 33.45 93.92 26.17 93.10 3L.10

CLIP-based posthoc methods
MSP [10]t 74.84 73.66 77.74 74.57 72.18 79.12 73.97 76.95 74.98 76.22
MaxLogit [12] 88.63 48.72 88.03 60.88 87.45 55.54 91.16 44.83 88.82 52.49
Energy [27]1 88.22 50.39 87.18 64.98 87.33 57.40 91.17 46.42 88.48 54.80
ReAct [42]1 88.13 49.88 86.87 65.57 87.42 56.85 91.04 46.17 88.37 54.62
ODIN [26] | 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 91.98 32.87 95.07 23.44 9852 28.66
NegPrompt (Ours) 91.60 35.21 98.73 6.32 93.34 27.60 95.55 22.89 94.81 23.01
Open-vocabulary OOD detection

CoOp (10%) 87.58 50.55 91.08 42.53 89.56 46.12 91.52 41.92 89.94 45.28
LoCoOp (10%) 88.21 47.32 94.47 34.90 91.64 39.85 92.54 26.30 90.15 37.09
NegPrompt (Ours) (10%) 90.30 3931 98.39 7.48 92.68 2D.73 93.70 26.92 93.76 25.86




Experiments
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Why Does NegPrompt Work?
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Figure 3. Similarity of ID/OOD and Positive/Negative Prompts.

QUD Positive téxt features

© Negative text featt
b ID images
| 00D images

Figure 4. T-SNE visualization of NegPrompt, utilizing a subset of

ImageNet - TinyImageNet as the dataset.
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