Appendix - Improving Out-of-Distribution Detection Using Segmented Images
and Cross-View Attention Fusion

A. Dataset Details

We describe the datasets used in our experiments here. In all
cases except for our ImageNet subset datasets, we follow the
dataset specifications in the well-accepted, state-of-the-art
OOD detection benchmark OpenOOD v1.5 [168].

e ImageNet - [70] is a large-scale image dataset containing
1000 unique classes across a diverse range of objects and
scenes. It contains 1,281,167 training images and 50,000
validation images which are often treated as the testing
dataset as labels are not released for the actual ImageNet
testing dataset. For the ImageNet-100-Random subset, we
choose distinct classes from within ImageNet-1k. We de-
tail all ImageNet-1k class IDs for ImageNet-100-Random
mentioned in the main paper in Section A.1.

o Textures - [19] compiles images of different textures into
a dataset containing classes uniquely describing textures
such as “polka dotted” and “bumpy”. We have used the
entire dataset of 5,640 images for the OOD dataset.

o iNaturalist - [141] is an image classification dataset ori-
ented around pictures of different species. For our OOD
dataset, we have used 10,000 images sampled from the
test set, following [158].

e Places - [176] (or Places365) is a dataset containing ex-
clusive scenes instead of the traditional objects. We have
sampled 10,000 images randomly from the test set for the
OOD dataset.

e SUN - [60, 152], or the Scene Understanding dataset, is a
large dataset containing images of scenes. We have used
10,000 images randomly sampled from its test set for the
OOD dataset.

e Openlmage-O - [144] is a dataset constructed by ran-
domly selecting image from the Openlmage-V3 dataset.
Openlmage-V3 is built from the Flickr database and is
not annotated with classes to avoid bias and overlap with
ImageNet. The OOD dataset contains all 17,632 images
from Openlmage-O.

e Species - [53] is an image dataset containing thousands of
different species, none of which overlap with ImageNet-
21k. We use 10,000 images from the OpenOOD v1.5
benchmark [168] as the OOD dataset.

e NINCO - [11] is an image dataset curated to challenge
OOD detection models trained on ImageNet-1k. It con-

sists of 64 OOD classes for a total of 5,879 object images

with no categorical overlap to ImageNet-1k.

e SSB-Hard - [143] is a subset of the ImageNet-21K [118]
manually curated to be a challenging near-OOD dataset
for ImageNet-1k. We use the full 49,000 images as the
OOD dataset.

e Food - [12] is an image dataset containing 101 classes of
various food items and dishes. The validation dataset of
25,250 images as the OOD dataset. We remove classes
overlapping with ImageNet-1k: Apple Pie, Breakfast Bur-
rito, Chocolate Mousse, Guacamole, Hamburger, Hot Dog,
Ice Cream, Pizza.

Following the implementations if OpenOOD v1.5 [168],
we transform batches of data during training using random-
ized data augmentations to increase generalizability and en-
courage feature learning. We use the following set of trans-
formations for random data augmentations: random crop,
horizontal flip, random erasing, and normalization.

All images are resized to size 256 x 256 before process-
ing. To ensure consistent foreground-background segmenta-
tion across datasets and maintain comparability, all ID and
OOD datasets are resized to 512 x 512 before segmentation.

When applying augmentations to a sample, each augmen-
tation is generated once and applied identically to all three
views of an image. This ensures that data points maintain
consistent features across views when presented to CASOD.

A.1. ImageNet Subset Class IDs

e ImageNet-100-Random:  ’'n01770081°, 'n03450230’,
'n02977058°, 'n01675722°, 'n03017168°, 'n02098413’,
'n03372029°, 'n04418357°, 'n01824575°, 'n02480495",
'n04008634°, 'n03447447°, 'n02115913°, 'n02051845,
'n02104029’°, 'n03452741°, 'n02129165°, 'n02417914’,
'n03032252°, 'n03590841°, 'n04350905°, 'n02966193’,
'n03956157°, 'n03733131°, 'n03197337°, 'n01882714’,
'n02363005°, 'n07717410°, 'n03457902°, 'n01689811"°,
'n02110185°, 'n04357314°, 'n04370456°, 'n04228054°,
'n01641577°, 'n09288635°, 'n02395406°, 'n07583066°,
'n07715103°, 'n04200800°, *n03958227°, 'n03920288’,
'n02410509’°, ’'n02483362°, 'n02123045°, 'n04596742’,
'n02229544°, 'n02086079°, 'n04238763°, 'n02086646°,
'n02869837°, 'n02422699°, 'n01665541°, 'n02114855,



'n04483307°, 'n03485407°, 'n03710721°, 'n03998194°,
'n03627232°, 'n02823428°, 'n01795545°, 'n12144580’,
'n01751748°, 'n02999410°, 'n02992529°, 'n02795169’,
'n03602883°, 'n02808304°, 'n02167151°, 'n02504458’,
'n03026506°, 'n01682714°, 'n04515003°, 'n02097658’,
'n03874599’°, 'n02107142°, 'n03977966°, 'n06596364’,
'n02007558°, 'n02814860°, 'n03394916°, 'n02840245’,
'n02817516°, 'n03908714°, 'n02093859’, 'n02102318’,
'n04179913°, 'n04591157°, 'n04070727°, 'n02165456°,
'n03594734°, 'n04467665°, 'n01990800°, 'n02086240’,
'n04152593°, 'n03777754°, 'n01945685°, 'n02727426’,
'n03840681°, 'n04606251°

e ImageNet-30 (OOD for ImageNet-100-Random):
'n02012849’°, 'n02109047°, 'n02102040°, 'n04389033’,
'n04548280°, 'n02790996°, 'n09193705°, 'n02231487’,
'nl3133613°, 'n02096177’°, 'n03929660°, 'n13044778’,
'n02113624°, 'n02114548’°, 'n04254120°, 'n03594945°,
'n07565083°, 'n03126707’°, 'n01871265°, 'n02917067’,
'n04285008’°, 'n01806143°, 'n02066245°, 'n04252077’,
'n02841315°, 'n04277352°, 'n03633091°, 'n02843684°,
'n03160309’, 'n03379051°

e ImageNet-100 (OOD for ImageNet-200): 'n02109047’,
'n07716906°, 'n04515003°, 'n02089867°, 'n02009229’,
'n02090622°, 'n03623198°, 'n01945685°, 'n01877812’,
'n03633091°, 'n01491361°, 'n04204347°, 'n01742172’,
'n04428191°, 'n03958227’°, 'n07579787’°, 'n03761084’,
'n07892512°, 'n01622779’°, 'n03208938’°, 'n04579432’,
'n03617480°, 'n02666196°, 'n04252077’°, 'n04525038’,
'n02397096°, 'n03871628°, 'n02115641°, 'n02096051’,
'n02930766°, 'n03706229’, 'n01773797°, 'n02106382°,
'n06785654°, 'n02444819’°, 'n02074367’°, 'n02966687’,
'n03935335°, 'n07831146°, 'n02107683°, 'n02514041’,
'n12998815°, 'n02096177’°, 'n02328150°, 'n04111531°,
'n04367480°, 'n03938244°, 'n04371774°, 'n13040303’,
'n02110627’°, 'n03297495°, 'n07590611°, 'n04259630’,
'n04039381°, 'n01689811°, 'n04228054°, 'n04326547’,
'n09468604°, 'n02815834°, 'n01873310°, 'n03160309’,
'n03028079’°, 'n03673027’°, 'n03063689’°, 'n01819313’,
'n02640242°, 'n02676566°, 'n03041632°, 'n02100236’,
'n04371430°, 'n03742115°, 'n03814906°, 'n04330267’,
'n03207941°, 'n02104029’, 'n03770679°, 'n02132136°,
'n02101006°, 'n04074963°, 'n02509815°, 'n03838899’,
'n02389026°, 'n02025239’°, 'n02167151°, 'n03532672’,
'n04204238’°, 'n03089624°, 'n06596364°, 'n02101388’,
'n02108422°, 'n03729826°, 'n02112706°, 'n03196217’,
'n02097209°, 'n02488702°, 'n04579145°, 'n02090379’,
'n03394916°, 'n03924679’°, 'n02783161°

B. Experiment Details

The codebase for CASOD can be found at https: //
github.com/alexp205/CASOD. All used datasets are
publicly available. The foreground-background separation
procedure used to create the multi-view datasets for CASOD

is included in the codebase and can be used for re-creation
of the data used in the project.

B.1. Hyperparameter Details

The Vision Transformer [28] models for ImageNet [70] data
experiments are trained using the configuration described in
Section 4.1 of the main paper. Label smoothing [134] is a
regularization technique that prevents model overconfidence.
We use 0.1 for the degree of label smoothing.

The Vision Transformer configuration used is ViT-B-16
[168]. For the attention modules in our proposed CVCA
fusion method, we use the following hyperparameters: 8
heads, head dimension of 96, and dropout of 0.5. Under
these settings, 7" was 197 and d was 768 (see Sec. 3 of the
main paper for definitions).

CASQD is trained until convergence with a batch size of
512 for I-1k and 256 for ImageNet-100-Random. We use
SGD optimizer, learning rate of 0.001, Nesterov momentum
of 0.9, weight decay of 5e-4, and cosine annealing learning
rate scheduling after 5 epochs of warmup. We use B = 2
cross-view feature fusion blocks. LoRA rank was 16 for
ImageNet-100-Random and 128 for I-1k.

The code uses SciPy, PyTorch Lightning, and FAISS [64].
Experiments were run on eight Nvidia A100 GPUs.

B.2. Foreground-Background Separation Tool De-
tails

The specific image segmentation model used for foreground-
background separation was YOLOVS5 [63]. We used an open-
source, pre-trained YOLOVS5 processing pipeline! as our
foreground-background separation toolkit.

C. Additional Results
C.1. Results on ImageNet-200

We additionally consider the experimental setting using the
popular ImageNet-200 ID dataset as defined in OpenOOD
v1.5 [168]. Building on OpenOOD v1.5, we use Textures,
iNaturalist, Places, SUN, Openlmage-O, and Species as
far-OOD datasets and NINCO, SSB-Hard, and Food as near-
OOD datasets. Similar to our ImageNet-100-Random experi-
ment (see Sec. 4 of the main paper) we additionally include a
distinct subset of 100 randomly-selected classes (ImageNet-
100) and the remaining 800 classes (ImageNet-800) as near-
OOD datasets simulating very-similar semantic distributions
to the ID dataset. The classes used for ImageNet-200 ID
can be found in the OpenOOD v1.5 implementation [168],
and the class IDs for the ImageNet-100 OOD dataset can be
found in Section A.1.

For this setting, we train for 20 epochs with a batch size
of 256. LoRA rank was 16. All other training and model
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configurations were identical to the ImageNet-100-Random
ID experiment settings.

Results can be found in Table | for near-OOD datasets
and in Table 2 for far-OOD datasets. All numeric values are
percentages and the average of 3 random runs. ImageNet-
200 ID experiment standard deviations and additional met-
rics are in Sec. C.2. We note that performance discrepan-
cies compared to other works originate from our use of a
self-supervised pre-trained ViT backbone with a learnable
Adapter and classification head. Previous works tune ViT
models pre-trained on ImageNet-21k which we believe to be
an unfair comparison due to data leakage.

C.2. Results with Error Bars

We include additional OOD detection metrics and standard
deviation error bars here for the ImageNet-100-Random
experiment presented in the main paper and for the afore-
mentioned ImageNet-200 experiment setting. The results are
divided into OOD detection metric: AUC (Table 3), FPR95
(Table4), Area Under the Precision-Recall curve (AUPR-IN
and AUPR-OUT) (Tables 5 and 6 respectively), and Detec-
tion Error (DE) (Table 7) [158, 168]. Note that ImageNet-
100-Random ID results are in the top-half of the tables and
ImageNet-200 ID results are in the bottom-half. All numeric
values are percentages and the average or standard deviation
of 3 random runs.

C.3. Parameter Cost and Runtime Analysis Details

Parameter Cost - Details. As mentioned in the main pa-
per, CASOD uses a frozen pre-trained ViT-B-16 as a feature
extractor and only requires the LoORA modules and feature
fusion component to be trained. The standard multi-view
classification technique of training separate backbones for
each view requires about 259 million (M) trainable parame-
ters for three views. CASOD only requires 48 M trainable
parameters for three views, a parameter efficiency improve-
ment of 81%. CASOD also improves over fully fine-tuning
a single ViT backbone which involves 86 M trainable param-
eters, an efficiency improvement of 44 %.

We profiled CASOD and a single-view baseline model
for comparison. The CASOD model alone consumes 36.68
MiB while the single-view baseline model consumes 2.67
MiB. Training CASOD with a batch size of 128 consumes
52.54 GiB of memory per GPU while a single-view baseline
consumes 13.67 GiB. These values scale as expected with
batch size. With a batch size of 64, CASOD consumes 26.27
GiB while a single-view baseline consumes 8.19 GiB.

Runtime Analysis - Details. CASOD uses three sets of
LoRA adapters for the feature extractors and a feature fusion
component (FF, see main paper Section 3). Parallelization
collapses the forward pass time requirement of three view
feature extractors into an equivalent requirement of a single
feature extractor operation.

The FF in CASOD uses B blocks each containing a con-
stant number of CVCA modules. Each CVCA module has a
runtime complexity of O(T?d + T'd?) [142]. Thus, the FF
incurs an additional cost of O(BT?d + BTd?) in the for-
ward pass, which in practice is dominated by O(7T'd?) due
to the relative small sizes of B and T' < d. In the backward
pass, CASOD must update the parameters of all three sets of
Adapters and the FF.

On our system, we observed training times for CASOD
approximately three times that of single-view baselines
(which only need to learn a single linear layer). Specifi-
cally, under our training settings (see Appendix Section B.1),
one epoch of training required 169 seconds walltime for
CASOD and 51 seconds walltime for a single-view baseline.
With a batch size of 64, CASOD consumed 181 seconds
walltime while a single-view baseline consumed 54 seconds
walltime. To empirically evaluate the runtime of CASOD in
a deployment environment, we evaluated the average time of
a foreground-background separation step and forward pass
for CASOD and a single-view baseline (i.e. no separation
and only one set of Adapters). The additional overhead we
observed for the CASOD forward pass (i.e. 0.07 seconds)
is due to the FF and movement of multiple view tensors
between GPUs. As mentioned in the main paper, CASOD
takes more time than single-view baselines but we believe
the latency is low enough to still be feasible for many appli-
cations.

D. CASOD with Other OOD Detection Meth-
ods

CASOD is directly compatible with any post-hoc OOD de-
tection method that makes use of logits (using ¢ yseqd) OF
features (using z?use 4)- We present additional OOD detec-
tion results (AUC) for ImageNet-100-Random ID, ImageNet-
200 ID, and ImageNet-1k ID using OOD detection methods
MSP [51] and KNN [133] in Table 8. MSP is a logits-based
method and KNN is a recent highly-competitive features-
based method [168] like MD (which is presented in the main
paper). We also include MD OOD detection with CASOD
(the original proposed method) here. CASOD with MD is
the best overall performer. Interestingly, CASOD-MSP is
slightly better for some near-OOD datasets in the ImageNet-
100-Random ID and ImageNet-200 ID settings. We suspect
that this is due to model overconfidence benefiting detection
of near-OOD samples similar to the ID distribution. Model
logits are tuned to recognizing features in ID samples but
overconfidence causes slight deviations (i.e. in near-OOD
samples) to reduce the MSP score. This is not the case for
the ImageNet-1k ID setting which is significantly harder to
overfit due to the large number of classes. MD is generally
better for far-OOD datasets as it avoids model overconfi-
dence which is known to significantly weaken far-OOD
detection [51, 72, 105, 151]. We also note that CASOD



Table 1. Near-OOD Results - ImageNet-200: OOD detection comparison (AUC) between CASOD and baselines on near-OOD datasets
with models trained only on ImageNet-200 ID data. All numeric values are percentages and averages of 3 random runs. Standard

deviations are in Sec. C.2.

ID data: ImageNet-200
ImageNet-100  ImageNet-800 NINCO SSB-Hard Food | Average
MSP 82.16 81.27 77.53 64.13 65.21 74.06
ENERGY 69.56 69.60 59.05 52.80 51.59 60.52
KNN 81.99 82.82 83.72 72.69 72.17 78.68
VIM 79.44 82.44 86.04 77.20 73.27 79.68
MD 79.46 81.66 78.14 78.77 76.77 78.96
GEN 44.64 44.42 55.22 54.40 42.02 48.14
REACT 69.65 69.68 59.14 52.90 51.59 60.59
PCA 76.99 76.31 81.89 70.51 72.69 75.68
ASH 51.79 52.05 46.64 39.35 72.64 52.49
SHE 72.98 71.61 77.11 61.83 59.43 68.59
VRA 39.41 39.76 38.21 54.42 39.03 42.16
NECO 81.13 83.53 82.63 73.00 72.34 78.53
FDBD 84.39 84.40 82.10 70.70 73.46 79.01
CASOD 85.03 86.93 89.96 82.54 87.14 86.32

Table 2. Far-OOD Results - ImageNet-200: ImageNet-200 OOD detection (AUC) comparison. Standard deviations are in Sec. C.2.

Table 3. Results - AUC: AUC OOD detection results. Avg.N is mean performance for near-OOD. Avg.F is mean performance for far-OOD.

ID data: ImageNet-200
Textures iNaturalist Places SUN  Openlmage-O  Species | Average
MSP 87.56 78.50 77.58  79.26 79.87 68.97 78.62
ENERGY 79.80 46.01 69.31  66.94 63.78 49.83 62.61
KNN 95.67 86.53 92.56  89.17 89.75 76.90 88.43
VIM 97.87 91.37 97.40  92.36 92.88 82.20 92.35
MD 92.41 78.44 90.48  82.99 82.72 79.42 84.41
GEN 34.85 70.87 39.97 4754 48.67 64.19 51.01
REACT 79.86 46.13 69.40  67.01 63.87 49.94 62.70
PCA 90.27 79.96 90.48  86.39 86.00 73.70 84.47
ASH 49.76 55.87 3521 33.89 55.18 56.05 47.66
SHE 91.57 76.31 89.19  86.95 81.26 63.35 81.44
VRA 11.36 31.34 32.09 30.88 26.62 47.06 29.89
NECO 94.30 82.13 90.88  89.24 87.93 77.63 87.02
FDBD 91.97 86.68 87.08  86.84 87.27 74.43 85.71
CASOD 98.48 99.42 98.26 97.81 94.14 86.60 95.79

ID data: ImageNet-100-Random

ImageNet-30  ImageNet-900 NINCO SSB-Hard Food Avg.N Textures iNaturalist Places SUN Openlmage-O Species AvgF | Avg.
MSP 83.55 +0.05 85.44 1168 89.54 +0.05 85.16 +0.06 80.18 £o.53 | 84.77 | 92.71 +0.00 94.17 +0.07 8841 +o.12  86.96 +0.06 92.65 +o.07 89.73 +0.06 | 90.77 | 88.04
ENERGY 79.40 +0.12 79.99 +0.62 81.19 1015 84.06 026 81.86 1074 | 81.30 | 91.82 1015 82.03 £o055 90.72 1021 83.85 10.36 89.11 +o.17 78.49 +0.20 | 86.00 | 83.87
KNN 77.32 +0.13 78.33 +o.81 80.57 +0.46 7328 £o.31  65.76 +o.86 | 75.05 | 96.10 +0.11  80.39 +o.60  86.74 1036 80.29 10.41 87.80 +o.37 77.33 1067 | 84.78 | 80.36
VIM 78.31 +o0.10 79.55 +o0.98 86.13 £0.33 80.18 +0.25 73.17 080 | 7947 | 98.99 1002 94.05 £036 95.89 £032 88.63 £o.27 93.83 +0.16 88.41 +0.45 | 93.30 | 87.01
MD 82.31 +0.08 83.78 +1.02 89.38 +0.20 8391 1023 7822 1077 | 83.52 | 99.14 1003 9546 1032  96.09 1025 90.79 10.24 95.44 10.14 90.60 +0.40 | 94.59 | 89.56
GEN 79.50 +0.11 80.11 +0.63 81.35 1014 84.14 1025 81.95 1974 | 81.41 | 91.89 1012 8228 1054 90.76 £0.19 83.99 +0.33 89.20 +o0.17 78.73 +0.18 | 86.14 | 83.99
REACT 79.40 +0.12 79.99 +0.62 81.19 1015 84.06 026 81.86 1074 | 81.30 | 91.82 1015 82.03 £055 90.72 1021 83.85 10.36 89.11 +o.17 78.49 +0.20 | 86.00 | 83.87
PCA 86.40 +0.00 83.76 +2.33 86.42 +0.30 81.08 £o.27 80.31 +o43 | 83.59 | 98.00 +0.07 90.69 +0.30 9227 +0.43 86.13 +0.33 91.85 1o0.10 86.88 +0.43 | 90.97 | 87.62
ASH 72.79 +o0.08 73.99 +1.06 83.13 10.31  72.84 1023 73.37 1027 | 7522 | 90.79 1010 91.58 1058 86.15 1027 82.58 Lo.36 90.74 +o.29 80.28 +0.45 | 87.02 | 81.66
SHE 80.85 +0.00 83.11 +1.99 87.91 +0.13 86.71 +0.13 68.13 1056 | 81.34 | 89.97 1031 95.63 1015 83.66 +0.37 84.05 +0.21 89.90 +0.12 91.49 1018 | 89.12 | 85.58
VRA 85.69 +0.13 87.18 +1.40 85.08 £0.19  85.52 1016  77.11 1042 | 84.11 82.12 1068 83.56 1053 79.35 1061 80.88 1042 83.38 +o.48 86.60 +0.11 82.65 | 83.31
NECO 84.51 +o.01 86.48 +1.71 91.62 10.05 87.06 £0.04 87.02 ro23 | 87.34 | 98.12 1001 9572 +o.09 94.60 1014  91.72 10.04 95.00 +0.04 93.27 10.01 | 9474 | 91.38
FDBD 83.30 +0.04 8529 1172 90.04 10.07 85.60 10.10 78.19 10.16 | 84.48 | 9525 10.08 95.01 10.09 91.51 10.00 88.66 +0.08 93.74 +o0.08 90.29 1+0.05 | 92.41 | 88.81
CASOD 85.42 +0.09 88.30 +0.04 93.26 20.16  89.66 10.15 91.34 1061 | 89.60 | 99.02 10.07 99.89 10.01 98.46 10.13  96.40 +0.06 95.55 +o0.13 94.56 +0.25 | 97.31 | 93.81

ID data: ImageNet-200

ImageNet-100  ImageNet-800 NINCO SSB-Hard Food Avg.N Textures iNaturalist Places SUN Openlmage-O Species AvgF | Avg.
MSP 82.16 +0.18 81.27 +o.27 77.53 0.2 64.13 1041 6521 1097 | 74.06 | 87.56 1004 78.50 £0.43 77.58 1048 79.26 10.43 79.87 +o.18 68.97 +0.41 | 78.62 | 76.55
ENERGY | 69.56 +0.32 69.60 +0.40 59.05 +0.3¢  52.80 +o.69 51.59 41.02 | 60.52 | 79.80 +0.41 4601 £1.3¢ 6931 1043  66.94 1o.51 63.78 t+o0.45 49.83 +0.52 | 62.61 | 61.66
KNN 81.99 +0.06 82.82 +0.04 83.72 1018  72.69 10.13 7217 1047 | 78.68 | 95.67 1004 86.53 1022 92.56 1032 89.17 Lo.50 89.75 +o.22 76.90 +0.05 | 88.43 | 84.00
VIM 79.44 1+0.01 82.44 10.03 86.04 1012 7720 +0.08 7327 +0.54 | 79.68 | 97.87 x0.03 9137 £0.07 9740 £0.13 92.36 +0.27 92.88 10.14 82.20 +0.02 | 92.35 | 86.59
MD 79.46 +0.06 81.66 +0.02 78.14 1030  78.77 1015 76.77 10.44 | 7896 | 9241 1007 7844 1023 9048 1023 8299 1047 82.72 o7 7942 1040 | 8441 | 81.93
GEN 44.64 +o.27 44.42 1036 5522 1057 5440 xo.1  42.02 1166 | 48.14 | 34851079  70.87 £1.1a  39.97 1004 47.54 10.99 48.67 +0.53 64.19 +o.72 | 51.01 | 49.71
REACT 69.65 +0.31 69.68 1039 59.14 1035 5290 4060 51.59 4192 | 60.59 | 79.86 1042 46.13 1135 6940 1043 67.01 1051 63.87 +o.46 49.94 1053 | 62.70 | 61.74
PCA 76.99 +0.13 76.31 +o0.07 81.89 +0.27  70.51 £0.16  72.69 +0.27 | 75.68 | 90.27 +0.10 79.96 +0.30 90.48 10.13  86.39 +0.20 86.00 £0.31 73.70 +0.25 | 84.47 | 80.47
ASH 51.79 +0.31 52.05 +0.36 46.64 10.99 3935 4052 72.64 1011 | 5249 | 49.76 1001 5587 +1.82 3521 4080 33.89 1141 55.18 +o.80 56.05 +1.36 | 47.66 | 49.86
SHE 7298 +o.15 71.61 +o0.10 T7.11 1032 61.83 1028 59.43 1081 | 6859 | 91.57 1023 76.31 1048 89.19 1056 86.95 +o.78 81.26 +0.42 63.35 1021 | 81.44 | 75.60
VRA 39.41 +0.39 39.76 +0.35 3821 to8a 5442 1020 39.03 1085 | 42.16 | 11.36 z0.22 3134 1078  32.09 £296 30.88 +2.74 26.62 10.56 47.06 +0.40 | 29.89 | 35.47
NECO 81.13 +o.06 83.53 +o.08 82.63 1016 73.00 1012 7234 1044 | 7853 | 9430 1011 82.13 1045  90.88 1014 89.24 10.15 87.93 1o.21 77.63 +0.16 | 87.02 | 83.16
FDBD 84.39 10.08 84.40 +0.11 82.10 x0.11 70.70 £0.26 73.46 1052 | 79.01 | 91.97 1015 86.68 1025 87.08 £0.15 86.84 L0.06 87.27 +o.08 74.43 1004 | 85.71 | 82.67
CASOD 85.03 +0.95 86.93 +o0.67 89.96 1007 8254 1065 87.14 1296 | 86.32 | 98.48 1049 99.42 1011 9826 1020 97.81 +0.13 94.14 +0.30 86.60 +0.50 | 95.79 | 91.48




Table 4. Results - FPR95: FPR95 OOD detection results. Avg.N is mean performance for near-OOD. Avg.F is mean performance for

far-OOD.
ID data: ImageNet-100-Random
ImageNet-30  ImageNet-900 NINCO SSB-Hard Food Avg.N Textures iNaturalist Places SUN Openlmage-O Species AvgF | Avg.
MSP 61.69 +0.28 62.15 +0.04 5518 1020 62.83 1022 85921080 | 65.55 | 38.71 £o.49 3833 1058 5934 1071 66.01 +o.57 44.36 1+0.27 49.97 +0.06 | 49.45 | 56.77
ENERGY 70.49 +0.20 7147 +o0.70 7134 1023 59.26 10.07 79.08 £1.44 | 7033 | 40.46 1020 79.16 1040 56.35 1014 81.46 1020 5520 +0.45 76.64 1016 | 64.88 | 67.36
KNN 69.51 +0.54 75.71 +o.66 80.39 +0.61  90.50 +o.28 95.73 +o.37 | 82.37 | 19.96 +0.85 95.63 +o43 7478 £162 9127 1051 63.27 +1.05 92.52 41,07 | 7291 | 7721
VIM 67.98 +0.44 68.90 +0.47 63.60 +1.03 7196 +0.45 90.82 1051 | 72.65 4,65 £0.19  39.01 £239 2426 +217 61.99 £1.15 35.01 +1.20 55.02 1208 | 36.66 | 53.02
MD 58.31 +o.17 60.92 +0.47 55.62 1139  67.25 t065 85.36 1093 | 65.49 4.00 +0.21 3147 1250 2242 4186 54.61 4144 2645 £1.11 4946 1259 | 31.40 | 46.90
GEN 70.42 +0.04 71.20 +o0.01 71.18 +0.06  59.06 +0.21 7895 +1.23 | 70.16 | 40.21 1040 78.87 +0.49 56.03 +0.30 81.12 +0.39 5491 1025 76.28 +0.33 | 64.57 | 67.11
REACT 70.47 +0.20 7147 +0.19 71.35 1023 59.26 10.07  79.08 £1.43 | 7032 | 40.46 1029 79.16 1040 56.35 1013 81.46 1020 55.20 +o0.45 76.64 +0.16 | 64.88 | 67.35
PCA 47.33 1o.07 60.37 +0.14 65.31 +0.88  72.27 1050 87.09 10.28 | 66.48 | 10.89 1020 60.11 4116 47.47 1236 72.79 +o0.73 47.79 +0.99 64.32 1151 | 50.56 | 57.80
ASH 89.04 +0.46 88.97 +o0.62 78.15 £1.50 88.61 1063 95.49 1026 | 88.05 | 56.57 +1.47 60.13 1426 69.40 11514 84.69 1142 58.45 1205 82.43 1205 | 68.61 | 77.45
SHE 62.35 +0.37 61.76 +o0.51 60.05 10.72  52.68 10.75 91.94 1025 | 6576 | 52.19 1112 27.12 4136 67.92 1006 65.25 +0.74 53.23 to.68 46.93 1144 | 52.11 | 58.31
VRA 55.40 +o0.23 52.37 1016 7351 013 53.12 +0.03  87.55 +0.66 | 64.39 | 76.00 to.7a 8192 10.00 87.78 036  84.42 +0.09 80.52 £o.15 59.17 +o0.54 | 78.30 | 71.98
NECO 49.36 +0.21 50.17 +0.20 4221 1013 5227 025 6429 1089 | 51.66 7.88 1+0.11 2748 1066 29.01 +o.72  42.72 10.19 27.83 +0.03 31.58 +0.12 | 27.75 | 38.62
FDBD 61.93 +0.23 63.53 +0.21 54.28 1022 64.81 1035 88.49 1053 | 66.61 | 27.27 1076 33.32 1049 46.79 1037  60.10 1058 40.01 40.49 46.99 1040 | 4242 | 5341
CASOD 5293 11.01 53.69 +0.27 3592 1057 4849 1070 53.50 1456 | 4891 4.85 +0.13 0.22 +0.04 7.81 +0.50 17.58 +o.62 26.53 +o0.64 2394 1105 | 13.49 | 29.59
ID data: ImageNet-200
ImageNet-100  ImageNet-800 NINCO SSB-Hard Food Avg.N Textures iNaturalist Places SUN Openlmage-O Species AvgF | Avg.
MSP 74.32 +0.80 72.89 +o.87 79.10 20.73 8854 1048 9824 1013 | 82.62 | 54.04 1172 91.46 1101 8580 1062 84.81 1087 74.92 11.05 92.19 +0.46 | 80.54 | 81.48
ENERGY 80.79 +o.32 79.87 +0.51 87.70 £o.09  70.20 1035 9732 1048 | 83.18 | 64.63 036 98.72 1020 84.59 to46 86.77 10.14 83.67 +o0.04 95.78 1017 | 85.69 | 84.55
KNN 72.74 +0.50 70.46 +o0.66 7290 +1.10  87.25 1042 9636 1012 | 7994 | 1392 1035 83.04 1123 48304334 77.74 12.01 51.45 £1.04 85.11 +o.81 | 59.93 | 69.02
VIM 66.36 +0.39 61.31 +0.29 61.95 1033 7446 1025 9298 ro36 | 71.41 587 +0.08 5431 1024 1244 1072 51.55 1145 41.18 +0.60 70.07 +0.28 | 39.24 | 53.86
MD 59.36 +0.13 54.19 +o0.10 79.18 1022 6941 1016 91.94 4011 | 70.82 | 35.87 10.16 88.04 1021 6224 1140 7495 1066 74.52 +o0.05 7724 1037 | 68.81 | 69.72
GEN 95.86 +0.26 95.56 +0.12 90.47 +0.46  92.08 1027 97.10 1053 | 94.21 | 96.22 075 85.45 +137 97.67 +0.26 97.49 1017 94.04 10.32 84.06 +1.08 | 92.49 | 93.27
REACT 80.72 +o.43 79.79 to.58 87.61 ro.13  90.16 1040 97.33 1047 | 87.12 | 64.46 1014 98.71 1010 8451 to36 86.71 1017 83.59 1o0.04 95.74 10.12 | 85.62 | 86.30
PCA 63.06 +0.27 66.86 +0.17 70.89 +0.27 8043 10.02  90.52 10.10 | 74.35 | 39.61 1024 79.07 1064 58.09 10.73  65.05 +0.39 64.91 +o.58 76.56 +0.00 | 63.88 | 68.64
ASH 90.47 +0.30 90.50 +0.22 94.04 1019 9571 +0.16  98.82 £o.00 | 9391 95.11 40.24  91.02 4060  95.14 1035  94.49 10.40 93.00 +0.24 90.07 +0.53 | 93.14 | 93.49
SHE 82.27 +0.36 81.86 +0.39 83.53 +0.84  90.65 +o.27  97.82 1023 | 87.23 | 3321 +1.56 88.17 +0.96  59.64 305 78.64 1265 66.03 +o.76 92.78 +0.33 | 69.74 | 77.69
VRA 98.54 +0.08 97.08 +0.02 98.05 +0.12  92.39 10.11 99.96 10.01 | 97.20 | 9991 10.03 99.82 1001 9943 1011 99.71 1012 99.48 10.04 97.00 +0.18 | 99.22 | 98.31
NECO 66.16 +0.27 61.55 +0.40 7847 10.49 8521 4027 94.50 1041 | 77.18 | 2345 1093 9596 1040 6538 1030 75.96 1054 66.88 +o.76 87.80 +0.50 | 69.24 | 72.85
FDBD 67.90 +0.23 6591 +0.38 71.60 +0.36 8297 10.28 97.02 +0.31 77.08 | 3295 £1.00 75.68 1003 72.15 1056 75.38 10.24 61.28 +o0.23 85.76 +0.28 | 67.20 | 71.69
CASOD 59.39 +1.17 53.33 10.89 50.29 1186 6395 4237 77.17 1448 | 60.83 5.44 1192 1.61 +0.47 7.24 10.84 10.55 +o.67 37.13 12.65 50.99 1022 | 18.83 | 37.92
Table 5. Results - AUPR-IN: AUPR-IN OOD detection results. Avg.N is mean performance for near-OOD. Avg.F is mean performance for
far-OOD.
ID data: ImageNet-100-Random
ImageNet-30  ImageNet-900 NINCO SSB-Hard Food Avg.N Textures iNaturalist Places SUN Openlmage-O Species AvgF | Avg.
MSP 89.65 +o.70 38.44 1333 7237 £3.19  21.67 £1.03  69.30 1080 | 5829 | 86.03 t0.81 69.99 1611 72921180 69.83 +o.25 65.39 +3.099 6241 £4.00 | 71.09 | 65.27
ENERGY 92.45 +0.06 58.74 +0.21 79.16 +0.26  66.61 1143 6582 1147 | 72.56 | 92.01 1013 7749 1011 88.04 1027  77.69 10.39 68.68 +o0.11 39.01 +o8s | 73.82 | 73.25
KNN 91.47 +1.20 49.89 1319 85.69 +153 4047 1011 5313 1110 | 6413 | 94.05 1216 8843 1232  89.61 1351 8422 4554 83.45 10.32 7847 1276 | 86.37 | 76.26
VIM 91.70 +1.46 47.69 +5.17 88.24 10095 43.63 1043 5578 £1.15 | 6541 | 9794 1068 9393 1007 9634 1170  88.39 1366 87.72 +0.26 84.12 1010 | 9141 | 79.59
MD 93.34 10.49 40.06 +2.75 85.56 4071 4471 1112 6247 £1.00 | 6523 | 91.55 1015 84.23 1235 89.67 £1.45 76.79 1233 70.22 +3.06 85.56 +2.53 | 83.00 | 74.92
GEN 85.71 +o.67 18.32 +3.76 4735 1232 1078 10.29  66.04 1147 | 45.64 | 7727 1167 31521311 5837 1715 58.88 +10.17 37.55 +2.63 29.80 +2.11 | 48.90 | 47.42
REACT 85.60 +0.73 17.97 +3.81 47.00 £2.39 10.65 £o.32  65.82 1147 | 4541 7697 +1.53 31.05 4314 5797 17.010 5851 +10.12 37.00 42.78 2945 4208 | 48.49 | 47.09
PCA 91.78 1285 42.18 +5.72 80.92 1061 31.39 1049 6093 1067 | 61.44 | 9333 1011 82101081 9290 £437  89.20 16.47 80.40 1+2.75 69.82 1+0.32 | 84.63 | 74.09
ASH 79.80 +2.04 10.52 +1.11 4241 4188 776 £040 6322 1031 | 40.74 | 60.74 1850 3134 1051 31.64 1407  33.36 16.34 27.35 +2.16 29.95 +2.05 | 35.73 | 38.01
SHE 87.65 +2.45 35.36 +7.97 76.22 1180 26.82 4251 4556 1096 | 5432 | 88.64 1169 77.17 £327  79.03 1551 74.66 1677 70.38 1+2.55 61.63 1537 | 75.25 | 65.74
VRA 7117 +1.63 8.40 +o.78 39.89 +0.36 9724173 61.95 1053 | 3823 | 36.85 1678 3533 1736 2477 1132 26.13 1155 16.11 +1.40 36.25 1237 | 29.24 | 33.32
NECO 92.35 40.23 52.95 +o0.90 8740 +138 4333 4237 73.09 1038 | 69.82 | 9435 1215 90.56 +1.08 91.20 166  86.52 1251 85.07 +2.73 81.42 4205 | 88.19 | 79.84
FDBD 90.73 +o.27 44.13 10.86 7894 1128 29251050 6538 1022 | 61.69 | 90.09 1063 79.26 1282 8241 1166 78.30 +1.79 75.31 +2.38 69.36 £1.22 | 79.12 | 71.20
CASOD 92.49 4013 52.10 +o0.18 92.10 1020 S51.91 3041 81.85 1044 | 74.09 | 98.84 1908 99.81 1002 97.04 1015 92.35 10.14 89.70 t0.16 88.56 +0.40 | 94.38 | 85.16
ID data: ImageNet-200
ImageNet-100  ImageNet-800 NINCO SSB-Hard Food Avg.N Textures iNaturalist Places SUN Openlmage-O Species AvgF | Avg.
MSP 89.90 +0.08 55.97 +o.37 84.96 10.09 2548 1016 59.83 £1.04 | 63.23 | 88.60 +0.16 82.15 1025 80.05 1044 82.52 10.33 72.92 10.14 69.35 +o.53 | 79.27 | 71.98
ENERGY 81.35 +o.18 36.54 +0.11 69.36 £0.43 1832 1030 34221177 | 4796 | 8297 1050 5045 1114 6940 1043  68.80 +0.45 48.49 1076 5143 1062 | 61.92 | 55.58
KNN 90.29 +0.03 62.68 +0.03 89.55 +0.10 3625 405  70.27 1059 | 6981 | 9555 1005 8943 1020 9345 101s  92.04 1031 85.85 +0.28 76.84 +0.02 | 88.86 | 80.20
VIM 87.29 +0.04 56.08 +o0.07 90.89 +0.00 41.32 1024 68.04 o690 | 68.73 | 98.10 £0.05 93.01 0.0r 9747 1011 93.80 +0.20 90.23 1o.16 82.08 £o.06 | 9245 | 81.67
MD 85.48 +0.04 48.54 +o0.05 8574 to2s 4412 1032 73.18 1053 | 67.41 95.26 +0.06  82.21 +0.30 9245 t0.19 84.92 40.47 77.46 +o0.31 80.88 +0.42 | 85.53 | 77.30
GEN 60.20 +o.17 15.85 +0.12 6347 1048 16.65 1033  26.18 1080 | 3647 | 51.55 1036 69.97 4114 40.61 1058  45.56 1055 3242 1o 60.08 £o.62 | 50.03 | 43.87
REACT 80.18 +0.20 34.87 +0.41 67.67 +0.45 17.18 £0.28 3422 1177 | 46.83 | 81.86 1053 4853 1116 67.83 1045 67.28 1047 46.60 +0.78  49.47 10.64 | 60.26 | 54.16
PCA 83.68 +0.11 42.00 +0.11 88.39 1020 34.88 40.27 66.11 £o49 | 63.01 | 9358 1010 82.29 1026 9201 1010  87.75 1021 80.93 +0.47 72.85 +o.30 | 84.90 | 74.95
ASH 64.60 +0.23 18.45 1017 57.86 +o.66 12.02 1011 7242 1007 | 45.07 | 6224 1062 52.08 1160 37.60 10.20  37.13 1057 36.36 +o.63 51.67 £1.16 | 46.18 | 45.68
SHE 84.03 +0.00 39.66 +0.08 85.05 t0.22 2490 1027 4727 1103 | 56.18 | 9247 1013 7744 1043 89.43 1033 89.45 1050 71.57 +o0.60 61.91 +0.00 | 80.38 | 69.38
VRA 57.29 +o.17 14.73 +0.00 53.05 056 17.09 1016 31.33 1057 | 3470 | 4244 1006 37.82 1048 3754 1144 3777 1150 2336 1015 46.50 1027 | 37.57 | 36.26
NECO 88.61 +0.04 59.81 +o0.11 88.91 +0.03 3691 £0.07 67.73 £0.37 | 68.39 | 94.54 1004 87451033 92511011 92.00 +0.08 85.25 +0.21 78.16 £0.23 | 88.32 | 79.26
FDBD 91.37 +0.03 61.71 10.20 8794 10.01  30.16 1017 69.00 £045 | 68.04 | 9251 4010  89.09 +0.19 8857 1018 89.29 to.07 82.57 +o.11 73.63 1031 | 85.94 | 77.80
CASOD 91.33 +o.72 64.74 +2.06 9330 +0.17  46.75 1000 84.28 1956 | 76.08 | 98.84 1049 9948 1000 98.14 1024 97.82 10,16 92.19 +o.32 83.87 £1.55 | 95.06 | 86.43

with MSP and KNN is also better than the baseline MSP
and KNN except for in the ImageNet-1k ID setting where
CASOD-KNN is slightly worse. This isolated discrepancy
is suspected to be due to the significantly more complicated
feature space. The class-specific comparisons in MD may be

critical to discriminating between similar data in this setting.
Overall, this further validates the importance of principled
fusion of foreground-background views in improving OOD
detection performance in the proposed CASOD.




Table 6. Results - AUPR-OUT: AUPR-OUT OOD detection results. Avg.N is mean performance for near-OOD. Avg.F is mean performance

for far-OOD.
ID data: ImageNet-100-Random

ImageNet-30  ImageNet-900 NINCO SSB-Hard Food Avg N Textures iNaturalist Places SUN Openlmage-O Species AvgF | Avg.

MSP 5551 £2.13 96.89 +0.04 7772 +0a18 9559 £0.04 92.86 1024 | 83.71 | 8855 1085 8294 1014 86.76 1397 85.31 1374 93.73 +o.42 80.93 1073 | 86.37 | 85.16
ENERGY 52.76 +0.39 81.95 +0.05 80.35 £0.19  97.68 10.05 93.76 £0.23 | 81.30 | 90.04 1021 85.68 x0.41 9219 1016 86.04 1o.30 95.16 +o.09 84.83 1021 | 88.99 | 8549
KNN 66.13 +7.49 97.77 +o0.04 88.19 +3.66 97.36 £1.31 86.60 £0.30 | 8721 | 96.08 L1535 9449 1345 9638 1195 94.15 1460 97.55 +o0.45 91.80 +3.65 | 95.07 | 91.50
VIM 70.15 16.83 98.08 +o.60 91.63 +1.02 9837 1058 90.55 +0.31 89.76 | 98.59 1044 97.68 1021 98.86 10.56 96.34 42.17 98.46 +0.19 95.70 +0.48 | 97.60 | 94.04
MD 73.72 +1.55 98.30 +o0.15 88.26 1223 98.69 1018 92.57 +0.30 | 90.31 | 93.57 1013 92.65 1122 9459 1104 90.34 1148 95.54 +0.66 95.33 £o.03 | 93.67 | 92.14
GEN 43.74 11.90 94.66 +0.17 63.53 £0.61 9328 1049  93.79 1024 | 77.80 | 83.37 1488 64.06 1362 78.41 1873 77.08 +10.16 88.27 +1.31 65.19 £3.08 | 76.06 | 76.85
REACT 43.50 41.95 94.61 +0.19 63.29 1051 9322 1048 93.76 1023 | 77.68 | 8324 1480 63779 1349 78.26 1367 76.95 110.12 88.15 +1.26 64.96 +2.99 | 75.89 | 76.70
PCA 69.22 +7.08 98.14 +o.62 87.68 £2.05 98.05 1054 9226 1017 | 89.07 | 9433 1208 92.11 +150 96.05 1301  94.68 1367 96.93 1£1.11 90.28 +o.92 | 94.06 | 91.79
ASH 31.76 +1.12 92.62 +0.31 56.03 1092  91.09 4075 89.12 40.14 | 72.12 | 70.14 1921  68.87 +0.53 65.24 1543 64.53 4533 86.18 11.93 67.17 +o0.79 | 70.36 | 71.16
SHE 4720 +11.66 95.65 +1.55 7840 £5.11 9478 1179 89.01 2020 | 81.01 | 90.58 £162 88201516 91.15 1461  89.58 16.84 94.68 +1.25 80.73 £6.08 | 89.15 | 8545
VRA 19.85 +0.56 89.93 1o.71 50.17 +0.04  92.62 £130 91.89 1017 | 68.89 | 41.04 1297 61.69 4329 57.30 +1.86 58.05 +0.96 69.81 +o.61 67.72 £1.03 | 59.27 | 63.64
NECO 73.63 1255 98.51 +o.21 90.66 +0.13 9845 1021 96.09 1008 | 91.47 | 9589 1132 96.00 1032 96.66 1099 9524 1141 97.96 +o.13 94.52 1048 | 96.05 | 93.96
FDBD 60.17 +2.73 97.44 1015 82.62 £0.60 96.66 £0.33  92.00 0.12 | 85.78 | 91.75 1002 88551067 91.73 1047 9048 135 95.45 +0.38 85.56 +2.16 | 90.59 | 88.40
CASOD 72.04 1035 98.45 1o.01 9419 1011 9876 40.02 9724 1031 | 9214 | 9921 1006 99.94 10.00 9924 10.0s 9824 10.02 98.57 +o0.05 97.37 1013 | 98.76 | 95.75

ID data: ImageNet-200

ImageNet-100  ImageNet-800 NINCO SSB-Hard Food Avg N Textures iNaturalist Places SUN Openlmage-O Species AvgF | Avg.

MSP 67.21 +0.38 93.83 +o0.12 64.82 +0.43  89.66 +0.18  73.77 x0.64 | 77.86 | 7993 1052 71.23 050 73.21 x0.50  74.26 +0.56 86.07 +0.18 64.97 +0.30 | 7495 | 76.27
ENERGY 53.45 +o0.46 89.64 +0.03 4749 1017 8544 1029 69.15 1115 | 69.03 | 70.66 1020 45.03 1083 6745 1047 6435 1030 76.04 +o0.22 49.30 10.36 | 62.14 | 65.27
KNN 67.28 +0.24 94.41 +o.05 7230 +0.3s  91.83 1007 78.08 030 | 80.78 | 9521 10.08 79.68 £0.36 91.04 1053  83.84 1092 93.45 10.15 73.10 £0.22 | 86.05 | 83.66
VIM 68.88 +0.13 94.91 +0.03 7745 1023 9398 £0.03 8042 1035 | 83.13 | 9746 10.03 88.19 1014 97.14 1017  89.80 +0.39 95.30 +0.09 80.55 £o.02 | 91.41 | 87.64
MD 72.38 +0.06 95.14 1o0.01 65.39 +0.32  94.76 +0.04 8249 1030 | 82.03 | 88.14 4003 7221 4010 86.56 40.27  80.16 +o.46 87.34 +0.00 7797 +o.34 | 82.06 | 82.05
GEN 32.57 o018 7945 107 4554 1968 86.54 1024 65.11 £118 | 61.84 | 3092 1073 69.41 £137 4531 1050 49.28 Lo.77 66.09 +0.47 66.65 +0.94 | 54.61 | 57.90
REACT 55.52 4o0.47 90.41 +o.17 49.61 1018 8648 to27 69.15 1115 | 70.23 | 7229 1020 47.12 1084  69.30 1046 6623 10.30 77.55 +o.21 51.46 t+o.36 | 63.99 | 66.83
PCA 69.88 +0.11 93.23 10.03 7047 +0.3¢ 92.07 +0.05 81.56 +0.14 | 81.44 | 85.62 10.07 77.18 03¢ 88.18 £0.17  84.89 10.20 90.17 +0.19 74.74 1010 | 83.46 | 82.54
ASH 39.89 +0.30 83.70 +0.13 38.50 +o.56  81.02 1022  76.50 £0.13 | 63.92 | 38.19 1052 5846 1150 4528 1062  45.53 10.03 69.70 +o.52 59.26 £o.90 | 52.74 | 57.82
SHE 56.41 +o.39 90.57 +o.11 62.88 to.66 88.65 +0.13 71.89 1049 | 74.08 | 88.69 1056 71.67 072 87.54 1096  81.75 r1.36 88.42 1031 61.50 +o.25 | 79.93 | 77.27
VRA 28.74 +o0.21 76.76 +o0.18 31.81 £0.40 8629 £0.00 60.53 £0.36 | 56.82 | 23.22 10.03 39.96 1030 40451127 39.72 1109 51.73 026 49.00 £o.36 | 40.68 | 48.02
NECO 70.46 +0.18 95.19 +o0.04 70.23 +o.38  92.25 1007 7942 10.36 81.51 92.32 +0.30 71.65 057  86.49 10.32 83.79 +0.32 91.27 4o0.19 73.15 4o.33 | 83.11 | 82.38
FDBD 71.33 40.26 94.98 +o.06 71.39 +o32 91.97 1011 7890 1041 | 81.71 87.78 1037 81.55 1037 83.44 1022  82.02 1017 91.10 +0.11 71.27 +0.24 | 82.86 | 82.34
CASOD 75.02 +0.80 96.24 +0.14 83.54 1050 9573 1020 89.96 1085 | 88.10 | 98.01 1050 99.28 1020 98.23 1015  97.50 +0.05 95.98 +0.20 87.41 1007 | 96.07 | 92.45

Table 7. Results - DE: DE OOD detection results. Avg.N is mean performance for near-OOD. Avg.F is mean performance for far-OOD.
ID data: ImageNet-100-Random

ImageNet-30  ImageNet-900 NINCO SSB-Hard Food Avg.N Textures iNaturalist Places SUN Openlmage-O Species AvgF | Avg.

MSP 78.52 +0.90 31.76 +1.04 53.05 £1.50 2138 1210 2745 poe7 | 4243 | 6738 1638 38834573 43351730 4149 4635 41.82 4.9 37.85 +3.05 | 45.12 | 43.90
ENERGY 79.89 +0.05 49.84 1018 59.15 012 45.77 x0.0r 3316 £120 | 53.56 | 76.21 1016 45.56 to.27 60.77 +0.09 44.03 +0.14 55.89 10.34 47.24 1011 5495 | 54.32
KNN 81.96 +2.22 42.09 41177 65.03 1632 36.77 +1467 19.27 1031 | 49.02 | 84.87 1479 64.56 11475 7441 11076 65.92 11988 6641 1471 57.63 111.41 | 68.97 | 59.90
VIM 83.34 1o.77 49.36 +9.48 72.57 4555 5250 £13.25 23.36 1042 | 56.23 | 93.33 +£1.54 82.47 +o.41 90.99 4545  76.05 +14.31 77.99 +3.24 73.02 4+3.50 82.31 | 70.45
MD 84.65 +0.28 57.34 £1.22 65.81 1263 60.89 1362 2793 £ors | 59.32 | 7833 1038  57.84 1274 65.09 +5.04 5147 288 55.32 1283 69.14 12095 | 62.86 | 61.25
GEN 76.21 1+0.51 22.90 +1.08 47.40 10.06 1637 166 33.28 £1.02 | 39.23 | 61.16 1612 31.76 11.46 36.90 +5.11 36.00 +4.89 3240 +3.12 32.35 +1.61 38.43 | 38.79
REACT 76.14 +0.54 22.69 +1.15 47.30 t0.12 16.23 1167  33.16 +1.19 | 39.11 60.98 16.10  31.70 £1.41 36.78 +5.03 3591 +4.82 32.22 43.10 32.30 +1.62 38.32 | 38.68
PCA 83.08 +2.98 52.82 +5.69 65.29 1531 4927 1957 2648 1024 | 5539 | 79.62 1550 5573 4561 7433 11858 66.73 +15.75 63.09 +10.26 55.37 +3.69 65.81 | 61.07
ASH 74.20 +0.18 17.49 +o0.22 44.49 10.30 13.12 +1.38 1947 1022 | 33.75 | 50.74 £4.00  34.29 1088 31.90 +1.22 31.11 +o.53 29.47 1249 33.36 +0.52 35.15 | 3451
SHE 77.14 1282 25.53 +7.01 53.61 45.04 1944 1514 2243 1021 39.63 | 70.81 +2.16 4831 +11.07  55.76 £12.00 53.97 +15.68 48.15 +6.48 39.52 4+5.01 52.75 | 46.79
VRA 71.92 +0.05 12.93 +0.55 43.03 +0.20 14.69 £375  26.10 1055 | 33.73 | 4257 001 29.95 1003 3028 2007 30.08 +0.02 19.97 +o.16 31.97 1083 | 30.80 | 32.14
NECO 84.57 +o0.69 55.23 13.44 69.74 10.12 5334 1580 4551 1075 | 61.68 | 84.20 +4.58  70.78 1221 7643 15.43 68.87 +6.96 71.46 +1.41 67.12 1+1.86 73.14 | 67.93
FDBD 79.92 +1.05 35.72 1+3.15 56.09 1238 2637 1372 2531 yo45 | 44.68 | 7231 1377 45.50 1547 5271 4825  50.62 +10.02 48.40 14.60 42.29 4534 51.97 | 48.66
CASOD 83.20 +o0.25 50.86 +0.25 77.61 10.31 5527 +0.65  55.07 +4.03 | 6440 | 95.08 +0.0s  98.27 10.03 93.08 +0.34 86.38 +0.43 77.94 1052 82.02 1o.72 88.79 | 77.71

ID data: ImageNet-200

ImageNet-100  ImageNet-800 NINCO SSB-Hard Food Avg.N Textures iNaturalist Places SUN OpenImage-O Species AvgF | Avg.

MSP 70.59 +0.27 39.82 +0.68 65.99 1028  24.59 1040  29.65 +0.00 | 46.13 | 76.30 +0.66  49.81 +0.53 52.78 +0.31 53.33 +0.44 48.95 +0.69 4942 10.23 55.10 | 51.02
ENERGY 69.72 +0.12 35.06 +0.17 64.24 10.05 2414 t030 30.30 1033 | 44.69 | 73.40 £0.13  47.96 +0.00 55.06 +0.22 53.96 +0.08 44.66 +0.02 4943 10.00 | 54.08 | 49.81
KNN 71.13 1019 41.76 +0.54 68.41 10.44  25.67 x0.35 3097 10.00 | 47.59 | 91.59 10.13  54.21 10.64 72.37 +1.75 57.02 £1.53 64.41 10.82 53.13 10.43 | 65.45 | 57.33
VIM 73.38 10.14 49.21 4+0.23 7270 1012 3645 £0.20 3333 1025 | 53.01 | 94.67 +0.04  69.24 10.14 9L.11 +o.37 70.71 +0.74 71.18 1+0.39 60.99 +0.15 | 76.32 | 65.72
MD 75.84 +0.05 55.00 +0.08 65.94 10.08  40.71 +0.14 34.06 1o.08 | 54.31 83.22 40.05 S1.59 1o0.12 65.09 +0.75 58.48 +0.35 49.20 +0.03 57.24 10.19 60.80 | 57.85
GEN 62.99 +0.00 21.34 1+0.10 61.52 40.17  21.60 +0.22  30.45 +0.37 | 39.58 | 60.16 +0.29  52.96 1o0.73 46.55 +0.14 46.71 +0.00 36.33 +o.21 53.68 t0.57 49.40 | 44.93
REACT 68.34 +0.15 34.18 +o0.49 62.65 +0.05 2323 +0.35  30.30 +0.33 | 43.74 | 7231 +0.05 46.02 10.10 53.45 108 52.35 +o0.00 43.23 1+0.03 47.58 +0.06 52.49 | 48.51
PCA 74.54 +0.10 44.68 +0.14 69.18 10.11 3142 1002 35.06 £0.13 | 50.98 | 81.78 10.00  56.28 +0.34 67.25 10.38 63.65 +0.20 55.53 10.39 57.59 +0.04 | 63.68 | 57.90
ASH 64.95 +0.10 25.46 1+0.18 60.18 10.11 18.55 1012 29.24 10.06 | 39.68 | 60.65 +0.07  50.09 1+0.39 47.93 +0.20 48.32 10.23 37.06 +o0.18 50.58 10.30 | 49.11 | 44.82
SHE 67.77 +0.12 32.48 +0.31 64.24 10314 2280 1023 2994 1016 | 4345 | 8423 1060  S1.52 4051 66451160  56.55 +1.39 54.79 +o.51 49.11 o7 | 60.44 | 52.72
VRA 62.04 +0.04 20.10 +0.02 58.55 10.05  21.35 +0.00  28.44 10.00 | 38.10 | 58.75 10.01 4543 to.01 45.63 +0.06 45.55 +o0.07 32.75 +o0.03 46.91 10.00 45.84 | 42.32
NECO 73.45 +0.10 49.01 +0.33 66.22 1020 2740 +0.23  32.27 10.20 | 49.67 | 87.96 1036  47.45 +o.21 63.46 +0.22 57.95 +o0.29 54.24 1051 51.72 t0.26 60.46 | 55.56
FDBD 72.85 +0.10 45.49 1033 68.93 1014 2929 1005  30.50 £o.21 | 49.41 | 8433 10390  58.06 £0.49 59.91 +0.30 58.27 +0.14 57.94 1017 52.79 1014 | 61.88 | 56.21
CASOD 75.83 +0.41 55.69 +o.73 77.26 +0.73 4531 +1.00 4441 313 | 59.70 | 94.83 o047 96.77 +0.25 93.83 +0.44 92.10 +0.35 73.83 +1.74 70.96 +0.11 87.05 | 74.62

E. Further Analysis of CASOD
E.1. Impact of CASOD Views

We empirically analyze the performance of the original (Org),
foreground (Fg), and background (Bg) views to evaluate the
impact of each view feature on CASOD performance (top

3 rows of Table 4 in the main paper). We can see that
using each view individually is insufficient. The original
view (Org) performs the best and the foreground view (Fg)
performs the second best, both of which are expected. While
performance for the background view (Bg) is low, it still
outperforms random guessing (i.e. AUC 50%), implying it




Table 8. OOD Results for CASOD and different OOD methods: OOD detection comparison (AUC) between CASOD using MD
(CASOD), CASOD using MSP (CASOD-MSP), and CASOD using KNN (CASOD-KNN).

ID data: ImageNet-100-Random
1-30 1-900 NINCO SSB-Hard Food | Avg.-Near | Textures iNaturalist Places SUN  Openlmage-O Species | Avg. - Far | Avg.
MSP 83.55 8544  89.54 85.16 80.18 84.77 92.71 94.17 88.41  86.96 92.65 89.73 90.77 88.04
KNN 7732 7833  80.57 73.28 65.76 75.05 96.10 80.39 86.74  80.29 87.80 71733 84.78 80.36
| CASOD-MSP | 88.06 9043 91.09  88.81 8664 | 8901 | 9263 ~ 9575 9357 9038 9269 90.57 | 9260 | 9097 |
CASOD-KNN | 85.01 8834 9233 86.62 88.53 88.17 96.66 98.32 96.36  94.22 95.00 91.54 95.35 92.08
| CASOD 8542 8830 9326  89.66  91.34 | 89.60 | 99.02 9989 9846 9640 9555 9456 | 9731 | 9381 |
ID data: ImageNet-200
I-100  I-800 NINCO SSB-Hard Food | Avg. - Near | Textures iNaturalist Places SUN  Openlmage-O Species | Avg. - Far | Avg.
MSP 82.16 81.27 71.53 64.13 65.21 74.06 87.56 78.50 7758  79.26 79.87 68.97 78.62 76.55
KNN 8199 8282 8372 72.69 72.17 78.68 95.67 86.53 9256 89.17 89.75 76.90 88.43 84.00
| CASOD-MSP | 89.68 89.99 89.00 8323 8840 | 88.06 | 9244 9543 9394 9453 9265 8128 | 9171 | 90.05 |
CASOD-KNN | 88.14 8891  89.70 80.27 87.99 87.00 95.77 96.97 9642  96.44 93.43 83.78 93.80 91.62
| CASOD [ 8503 8693 8996 8254  87.14 | 8631 | 9848 ~ 9942 9826 9781 9414 8660 | 9579 | 9148 ]
ID data: ImageNet-1k
NINCO SSB-Hard Food | Avg. - Near | Textures iNaturalist Openlmage-O Avg. - Far | Avg.
MSP / / 78.11 68.94 7227 73.11 85.52 88.19 / / 84.86 / 86.19 79.28
KNN / / 82.25 65.98 76.62 74.95 91.12 91.46 / / 89.86 / 90.81 81.75
| CASOD-MSP | 7~/ ~ 820 7140 ~ 7609 | 7656 | 8136 9004 /7 7 8671 /-] 8610 | 8133 |
CASOD-KNN / / 81.34 66.29 77.74 78.46 87.06 88.83 / / 86.59 / 87.49 82.98
[CASOD | 7~/ 835 7276 7760 | 7897 | 9302 9850 /7 9038 /| 9399 | 86.08 |
learns discriminative features for some classes. [0,2], Acvea,i = {[p1,p2,---,pr];p € [0,2]}.

We additionally investigate naive fusion of pairs of views
to evaluate the necessity of using all three views and intelli-
gent fusion. Pairs of views (Org+Fg, Org+Bg, Fg+Bg) were
concatenated and processed through a linear layer [123]. Per-
formance is overall worse. This demonstrates that CVCA
fusion in CASOD is necessary for learning optimal features
from segmented views. We observe that the superior per-
formance of Fg+Bg over the other paired views indicates
important feature information in the segmented views, al-
though not sufficient by themselves to outperform the Org
view.

E.2. Contrast with Self-Attention Fusion

The alternative method of using self-attention for multi-view
fusion is inferior, as evidence by studies on attention mech-
anisms [49, 77, 140, 173, 179] and our results in Table 4
of the main paper. The self-attention implementation we
compared with concatenated view features along the token
dimension, passed the concatenated feature through a self-
attention block, and used mean-pooling on the resultant
feature along the token dimension. Performance was worse,
as expected.

Theoretical Analysis We propose the following the-
oretical analysis. Self-attention applies a softmax to
the features during computation of the attention matrix
Aga =~ softmax(zWoW}kzT). The resultant attention
matrix Ag4 consists of 37" rows of distributions over 37T
patches Agy € R3TX3T each with values that must

e [0,1], Asa; = {[p1,p2,...,p3r]ip € [0,1]}. CA-
SOD uses a sum of two cross-attention matrices in each
CVCA block Acycoa ~ softmax (2, W@ w1 Wi ,0209) +
softmax (2,2 Wgq v2W} ,1201). The resultant CVCA atten-
tion matrix Acvcoa is instead T rows of values over T
patches Acyca € RT*T, but each value has magnitude in

~
~

If we consider a particular high-activation patch 77" € z
in the original image that is also in the foreground view
T}, ; € zfg, self-attention reduces the magnitude of both
patch activations via the softmax over all 37" patches. Mean-
while, our CVCA method additively reinforces them. Both
SA and CVCA optimize towards the same objective, in-
centivizing the attention matrices to highlight these high-
activation patches. Necessarily, this requires Wg, Wi, and
Wy to also highlight these patches, which is behavior ob-
served in literature [119, 160]. Given this preservation of
high-activation patches into the attention matrix, the denom-
inator of the softmax in SA is greater than the denominator
of the softmax in each CVCA term

3T T
Z PLEVRIES Z ICVCA,j (1)
j=1 j=1

This implies

Tiovea 2 Tisas (2)

where TV cyoq € AcveazyiWy,1 and Tisa €
AgazWy are the high-activation patches of interest in the
features from the attention blocks.

E.3. Comparison with Equivalent Data and Param-
eters

Here we detail the experiments evaluating the performance
of single-view baseline models when provided data and learn-
able parameters equivalent to those provided to CASOD.
Equivalent Data. Two experiments were conducted
where the baseline model was provided with the original
image and two additional augmented images per sample to
equalize the amount of training data between baselines and
CASOD. The augmentations chosen for the first experiment



were based on findings indicating their benefit for OOD de-
tection and include rotations (from CSI [135]) and noise
(from random augmentation works [22]). For the second
experiment, we use the foreground and background views
(used in CASOD) as the additional augmented images. The
OOD detection results of these experiment on ID dataset
ImageNet-100-Random are presented in main paper Table
5 in rows “Aug Base” and “Fg-Bg Base” respectively. We
chose the best-performing baseline OOD detection method,
ViM, for comparison. CASOD consistently outperforms
baselines trained with equivalent data. This implies that
the CVCA in CASOD is key to improve OOD detection
through fusion of the segmented foreground-background im-
ages. Furthermore, CASOD performance benefits do not
come from additional data.

Equivalent Parameters. Another claim could be that
CASOD outperforms existing baselines due to the increase
in parameters. To empirically verify that this is not the case,
we conduct an experiment with a version of the single-view
baseline model containing learnable parameters equivalent
to those in CASOD (i.e. 48M). The results on ID dataset
ImageNet-100-Random are shown in main paper Table 5.
Even with more parameters, the baselines do not outper-
form CASOD, indicating that the view fusion mechanisms
introduced by CASOD are critical to improved performance
instead of the parameter increase.

We note that changing the feature extraction backbone for
the single-view baseline (i.e. by increasing the number of
learnable parameters) but not for CASOD is an unfair com-
parison. A significant amount of the learnable parameters
(28.67 MiB) in CASOD are in the feature fusion head, which
is designed to be modular to patch-based feature extraction
backbones. The intuitive decision when presented with a
superior feature extraction backbone would be to use it with
our proposed feature fusion head, thus re-establishing a fair
comparison with equivalent feature extractors. Neverthe-
less, CASOD still outperforms the single-view baseline with
equivalent parameters despite using weaker feature extrac-
tion backbones.

E.4. Segmented Foreground-Background Quality
and Domain Shift

We provide details for our investigation into if CASOD

performance benefits originate in properly segmented fore-

grounds and backgrounds. For this, two questions are asked:

1. Does CASOD require properly separated foregrounds
and backgrounds?

2. Can CASOD still perform well across datasets of varying
separation quality?

For (1), we generate an additional dataset with poor se-
mantic correlation across views: one view contains off-center
crops of the image while the other view contains the rest
of the image (“Crops”). Results of this experiment on ID

dataset ImageNet-100-Random are presented in main paper
Table 5. CASOD with the poor segmentation-quality dataset
is weaker than CASOD with foreground-background seg-
mentation. This demonstrates that increasingly semantically
meaningful foregrounds and backgrounds directly improve
the performance of CASOD.

For (2), we select non-ImageNet datasets with varying
foreground-background separation quality as ID data. The
Textures dataset does not have clear foreground objects and
we use it to evaluate CASOD performance when ID train-
ing data foregrounds and backgrounds are poorly separated.
Furthermore, we evaluate CASOD with NINCO as ID be-
cause it includes complex samples with foregrounds contain-
ing multiple objects. With Textures as the ID dataset, we
use I-30, iNaturalist, Places, NINCO, SUN, Openlmage-O,
Species, SSB-HARD, and Food as OOD datasets. For Tex-
tures, CASOD was trained using settings identical to those
of ImageNet-100-Random. With NINCO as the ID dataset,
we use [-30, SSB-HARD, and Food as near-OOD datasets
and Textures, iNaturalist, Places, SUN, Openlmage-O, and
Species as far-OOD datasets. We trained CASOD to conver-
gence with a LoRA rank of 16. All other training and model
configurations were identical to the ImageNet-100-Random
experiment settings. Results in main paper Table 7 indicate
that CASOD is robust to foreground-background segmenta-
tion quality during training. Despite the varying quality of
features in the views, CASOD still outperforms baselines
and comparison points. Furthermore, the results reinforce
that the proposed cross-view attention is critical to learning
discriminative features in images.

Domain shift. Segmentation quality can also be used as
a basis for analysis into the performance of CASOD under
domain shift. The selected segmentation model for CASOD
was YOLOVS, which is trained on an object dataset (i.e.
COCO) [63]. Howeyver, tasks may not always involve object
data. We investigate the performance of CASOD under
domain shift, that is when the ID and OOD data contain
fewer or unclear object features. The results on NINCO and
Textures as ID datasets indicates that CASOD is also robust
to domain shift. NINCO is similar to COCO and CASOD
performs well. Textures contains images of textures, not
objects [19], and thus exhibits domain shift from COCO
which contains 80 classes of clear objects [83]. CASOD still
performs well, although the performance gap is smaller with
respect to the baseline.

To evaluate CASOD under severe domain shift, we ad-
ditionally experiment with a medical dataset that is very
different from COCO. Specifically, we use the MEL, NV,
BCC, AK, and DF classes from the ISIC 2019 dataset [20]
as ID and the BKL, VASC, and SCC classes from the ISIC
2019 dataset as well as 2000 randomly selected samples
from the NCT dataset [68] as OOD [103]. The average AUC
performance of CASOD is 79.93% while the closest baseline



is 79.78%. CASOD still slightly outperforms the baseline
under severe domain shift, likely due to the preservation of
the original view ensuring at least the learned knowledge of
single-view models.

E.S. Importance of Segmentation Model

To further investigate the importance of segmentation model
in CASOD, we experiment with a U2-Net pre-trained on the
DUTS-TR [146] dataset. We use ImageNet-100-Random
for ID and Textures and NINCO for OOD. To ensure fair-
ness, we remove all overlapping data between DUTS-TR
and the ID and OOD datasets. The average AUC and FPR re-
sults for CASOD with U2-Net is 83.51% (AUC) and 63.63%
(FPR) while CASOD (with YOLOVY) is 96.14% (AUC) and
20.39% (FPR). The older U2-Net is simultaneously slower
at segmentation (taking about 0.8 seconds per image) and
weaker than YOLOVS5 at OOD detection. Qualitative analy-
sis showed that U2-Net often segmented foreground objects
correctly but frequently included spurious background fea-
tures, thus diluting the discriminative features.

Following recent trends in OOD detection literature us-
ing pre-trained vision-language models (VLMs) (e.g. CLIP
[113]) [62, 76, 100], we investigate using the vision back-
bone from pre-trained CLIP as the feature extractor in CA-
SOD. The results are in Table 9. CASOD with ViT and
LoRA feature extractor backbones outperforms CASOD
with CLIP vision feature extractor backbones. CASOD with
LoRA adds additional learning capacity to the model, allow-
ing it to learn to extract more discriminative features during
training. Additionally, CLIP typically also uses text data
which is not considered in our domain. This simultaneously
shows the reliance on CLIP-based OOD detection methods
on text inputs as well as image inputs and demonstrates that
VLM-based methods have certain limitations that prevent
them from being directly translated to the image-only do-
main. Overall, we consider this to be an invalid comparison
as 1) CLIP relies on text data while we do not, and 2) CLIP
has likely seen some of the ID and OOD data before dur-
ing pre-training, leading to information leakage. There is
evidence for this in the literature, with CLIP achieving ex-
tremely high zero-shot OOD detection performance [30].
CASOD overcomes this challenge through our proposed
view fusion method.

Table 9. Ablation OOD detection results (AUC) for ImageNet-100-
Random ID between CASOD with LoRA ViT feature extractor
backbones and CASOD with CLIP vision feature extractor back-
bone.

E.6. Individual View Loss Contribution

We additionally investigated CASOD using only the fused
feature CE loss LCE,fused, ie. Log = LCE,fused- The
OOD detection AUC results for ID dataset ImageNet-100-
Random are presented in Table 10. Training with only the
final fused feature reduces overall performance. This is pri-
marily because including the individual view CE loss terms
encourages learning of more diverse class discriminative
features in each of the corresponding views. As the features
in these views are different, the resulting individual view
features contain more diverse discriminative information for
feature fusion. This is particularly noticeable in the increase
in near-OOD performance relative to far-OOD performance.
Learning more discriminative features improves detection of
challenging near-OOD samples, closing the gap for CASOD
to 4.21% from 5.31% for CASOD with only fused feature
CE loss.

Table 10. Ablation OOD detection results (AUC) for ImageNet-100-
Random ID between CASOD and CASOD when trained without
individual view feature losses (Lc g, fusea Only).

00D
Average (Far)  Average (Near) Average
LcE, fused only 97.05 88.19 93.50
CASOD 97.39 89.68 93.89

(0]0)))
Average (Far)  Average (Near) Average
CASOD-CLIP 93.84 85.90 90.04
CASOD 97.39 89.68 93.89

F. Additional Related Works

The closed-world assumption has been documented by many
researchers and in many different contexts [8, 36, 65, 120].
Expanding ML to open-world settings [65, 85, 120] remains
a priority area of research for its many potential applications
in real-world settings such as autonomous driving [31, 106],
robotics [32, 44, 101], medical diagnosis [13, 122], and
industrial automation [10], among many other areas. One
form of solution to addressing open-world settings is OOD
detection [23, 45, 127, 158, 159, 168], or one of its many
related forms. These include rejection [21, 43] which aims to
evaluate samples explicitly as “seen” or “unseen”, anomaly
detection [5, 86, 137] which compares evaluation samples
against “ID” data as a whole (rather than via classification
with access to labels), open set recognition [7, 8, 42, 104,
120] similarly learns to separate between samples in the seen
set and all other unseen samples, and uncertainty estimation
[91-93] investigates quantification of ML model uncertainty
for use in evaluating the quality of predictions (and thus data
samples), among others.

OOD detection has been investigated from many differ-
ent directions. Confidence-based methods use model logits
to quantify confidence in a sample for use in determining
if the sample is OOD or not [159]. These methods either
directly evaluate logits [51, 53, 151] or modify logit represen-
tation to be better characterized for separating OOD samples



[17, 56, 57, 81, 87, 89, 90, 98, 132, 150, 156, 167]. Other
related directions consider probability density [1, 110, 180],
model uncertainty [34, 47, 61, 80, 88, 121, 129, 138], ar-
chitectural changes for improved confidence estimation
[25, 161], decomposed features or logits [58, 60], aug-
mented weights [40, 126, 131], or augmented logits [14,
71, 91, 115, 125, 153, 155, 162]. A related direction to
OQOD detection is outlier exposure, which provides some
representative OOD samples to the detector during training
[16, 33, 52, 87, 96, 98, 109, 157, 175]. This direction is
often considered distinct from OOD detection which does
not allow the model to see any OOD data during training.

Distance-based methods use some measure of distances,
often in the model feature space, to detect OOD samples.
Mahalanobis distance is a flagship method [72, 117] which
uses covariance to estimate sample distance from ID data.
Other works use non-linear spaces to map and compare
samples [6, 116, 133, 148, 170]. Additional success has
been found by combining distance measurements with logits-
based confidence scores [4, 144]. Recently, OOD distance
measures have been generated using ML model components
besides features [2, 3, 27, 38, 48, 97, 107].

Self-supervised approaches focus on learning better fea-
tures for use in downstream OOD detection tasks, im-
proving the performance of both confidence-based and
distance-based methods [9, 46, 54, 59]. Such methods
include contrastive losses [99, 112, 114, 135] or genera-
tive [29, 102, 108, 122, 124, 147, 162] methods. Works
have found further success by including data augmentation
[128, 165], data mixing [55, 138, 163], and reconstruction
[24, 178] during self-supervised training and tuning.

Multi-view classification [41, 78, 123, 130, 145, 154,
169, 174] is a rapidly growing area of ML with significant
potential, evidence by its expansion in many applications
[35, 50, 78, 84, 164, 177]. Transformer-based attention
[28, 142] layers have recently been shown to have great
success in multi-view approaches [15, 136, 166, 174]. Self-
attention and cross-attention methods [39, 140, 166] allow
for features to be comprehensively learned while incorporat-
ing information from all views [79, 82, 140, 179]. Further
performance gains were observed with further refinements
to view feature fusion [15, 73, 149] and alignment of learned
features [67, 69, 75, 82].

Multi-view OOD detection is relatively uninvestigated.
Some applications, such as MRI image lesion detection,
have used multi-view autoencoders [37]. Other processes,
such as Gaussian Processes, have been improved through
multi-view processing [66]. Vision-language models have
expanded multi-modal processing to multi-view domains
using CLIP [113] to identify image foregrounds through
prompt learning [74, 94, 100, 111, 181]. Anomaly detection,
a parallel domain to OOD detection, has considered multi-
view approaches but typically only considers the foreground

[18, 139, 171]. OOD segmentation more directly considers
separated foreground and background components in images
but does not evaluate the image as a whole [95, 172]. Most
similar to ours, one work uses dense prediction to disentangle
foreground and background features in an image but does
not use segmentation or fusion for improved feature learning
[26].
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