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* ID (In-Distribution)
* Data specified by the user.
* OOD (Out-of-Distribution)

* Data difterent from ID data set.

* Target

* Maintain high accuracy on ID samples 1 S ( X)
and effectively 1dentity OOD samples.
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* CLIP-Based OOD Method [1]]2]

* Utilizes global and local teatures within CLIP to measure image-concept alignment,

enhancing the separation between ID and OOD samples.
* Existing post-hoc methods yield from suboptimal performance.

* CNN-Based OOD Post-Hoc Method [3][4]

* Assumes that ID and OOD samples produce distinct activation patterns 1n models trained on

ID data. Rectifying activations can reduce OOD influence and improve ID-OOD separability.
* The CLIP model 1s not fine-tuned on downstream ID-domain datasets.

e Activation differences between ID and OOD data become more subtle.

[ 1] https://openreview.net/forum?1d=KnCS9390Va
[2] https://arxiv.org/abs/2304.04521

[3] https://openreview.net/forum?1d=ndY XTEL6cZz
[4] https://arxiv.org/abs/2111.12797
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* Low-Rank Approximations Improve Stability [5]

* Minor singular components often contain noisy information that can compromise

stability and lead to incorrect model responses.

» Using low-rank approximations in certain layers of transformer blocks can enhance

LLMs' question-answering performance.
* Our Method

* Selectively reduce the rank of model weights, prioritizing crucial information while

discarding noisy elements.

[5] https://arxiv.org/abs/2312.13558
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*SeTAR - Training Free
* Given a CLIP model.

CLIP Model

» Define a list of rank reduction ratio o S ——
candidates: @ = {60,, 0, ..., 0,}. Sl : " S
o Encocgler Encoder o
* Optimize the rank reduction with
. LayerNorm \.- “Aphotoofa___” LayerNorm

top-to-bottom, i1mage-to-text g

Patch/Token -

Patch/Token
Embedding

ogreedy search algorithm.
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* How to Process I
Forward Flow
. . rank reduction ratio candidates:
» Searching for the optimal W, sequentalsearch | 6 = (66,01,...,0,}

rat1o using metrics.

» Replacing W, with its low-rank

A I

o . n Approx-lmatlon
apprOXImatlon (Wup) * ::::_‘ﬂ_jﬁ;”:::: =
WZ

i
* Sequentially process all N image s Laye” T . . &

wo
Encoder Layer O =
encoder layers from top to bottom. T—; "

» Same process for text encoder.
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*SeTAR - Fine Tuning

Horzen . . . Forward Flow
% Training rank reduction ratio candidates:

9={60,91,...,91}

- - —

Sequential search
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*SeTAR - Training Free

Table 1: Training free results compared to zero-shot baselines on CLIP-base. Bold value represent the
highest performance.

Method iNaturalist SUN Places Texture ImageNet22K COCO Average
FPR| AUCtT FPR| AUCt FPR| AUCtT FPR| AUCT FPR| AUCT FPR| AUCt FPR] AUCtT

ImageNetlK

MCM Score

Vanilla MCMT 3091 94.61 37.59 9257 4469 89.77 57.77 86.11 - - - - 42.74  90.77

Vanilla MCM* 3207 9443 38.65 9237 4373 90.03 57.89 86.13 - - - - 43.09 90.74

SeTAR 2692 94.67 3557 9279 4264 90.16 55.83 86.58 - - - - 40.24 91.05

GL-MCM Score

Vanilla GL-MCM' 15.18 96.71 3042 93.09 38.85 8990 5793 83.63 - - - - 35.47 90.83

Vanilla GL-MCM* 1534 96.62 30.65 93.01 37.76 90.07 57.41 83.73 - - - - 35.29 90.86

SeTAR 13.36 96.92 28.17 9336 3680 9040 54.17 84.59 - - - - 33.12 91.32

Pascal-VOC

MCM Score

Vanilla MCMT 8.20 9823 28.60 94.68 o o 51.70 9145 5140 9094 5450 89.02 38.88 92.86

Vanilla MCM* 724 9823 2791 9456 3240 9245 5161 91.89 50.60 9142 53.70 89.30 37.24 92.98

SeTAR 459 98.71 2491 95.15 2846 93.21 4044 93.58 48.25 92.08 48.10 89.70 32.46 93.74

GL-MCM Score

Vanilla GL-MCMT 420 98.71 23.10 94.66 o O 43.00 92.84 41.00 9238 4430 9048 31.12 93.81

Vanilla GL-MCM* 433 9881 2294 9463 2620 93.11 41.61 9288 37.88 93.17 43.70 90.71 29.44 93.88

SeTAR 3.66 9896 2193 9481 25.04 93.62 2035 96.36 3147 9431 40.70 91.19 23.86 94.87
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*SeTAR - Fine Tuning

Table 2: Fine-tuning results on ImageNetl K benchmark.
Bold values indicate the highest performance. + indicates

the standard deviation from 3 runs.

CLIP-base MCM Score GL-MCM Score
FPR95| AUROCtT  FPR95|  AUROC#
NPOS! 42.20 90.43 36.86 90.37
CoOp 44.81 90.03 36.58 90.25
LoCoOp! 40.17 91.53 33.52 92.14
LOCOOp>l< 39.76:|:4_06 91.22:|:0.52 34-14:|:1.64 91.73:|:0_17
LoRA* 41.6710.14 90.8510.01 34.3640.11 90.8810.01
SeTAR+FT 38-77i0.22 91.5510.01 32.1910.20 92.3110.05
CLIP-larce MCM Score GL-MCM Score
8¢  FPR95| AUROCT FPR95]  AUROC?
LOCO()p>|< 40-74:|:3.80 91.13:&0.79 46.74:|:4.19 89.32:|:0.80
LoRA* 38.62:|:0.07 91.66:&0.02 43.39:|:0,01 89.76:&0.03
SeTAR+FT 34.75:|:0.55 92.86:&0.15 37.05:|:0.59 91.83:|:0.12
Swin-base MSP Score Energy Score
FPRO5,  AUROCT  FPR95]  AUROC?
LoRA* 57.0210.03 80.49:&0.01 62.1710.02 72.8010,00
SeTAR+FT 47.1210_42 87.8010,44 39.2910.57 88.0110.51
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Vanilla Method SeTAR
. . . Backbone Score

» Compatible with diverse model backbones. FPRy AUCT FPRy AUCT

ImageNetlK
. V . S F t. CLIP-base  Neglabel 25.40 94.21 23.09 94.48
arious SCore runcuons CLIP-largce MCM 37.19  91.73 3626 91.92
CLIP-large GL-MCM  40.65 89.98 3954 90.22
- Consistently outperforms baselines across all Swinbew ey 6501 7610 TR

. . . ‘ Pascal-VOC
backbones with various scoring functions. CLIP-large  MCM 5991 9168 4257 9291
CLIP-larce GL-MCM 4396 9245 31.12 94.00

e Classification Performance

Table 4: Image classification results

* Maintains or improves classification accuracy.

Method INIK SUN Places Texture Average
Vanilla CLIP* 64.07 75.77 45.65 43.60 57.27
LoCoOp® 6493 7589 4647 37.79 56.27
LoRA* 6543 7686 4658  43.98 58.21
SeTAR 63.97 7550 45381 43.76 57.26
SeTAR+FT 67.02 7794 46.64 43.28 58.72
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* SeTAR 1s a simple, effective and training-free OOD detection method using post-hoc

low-rank approximation.

* SeTAR scales across unimodal and multimodal models, enhancing various scoring

functions.

* We extend SeTAR to SeTAR+FT, a finetuning approach that adapts models to 1n-

distribution data, achieving state-of-the-art OOD detection.
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