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A Correlation analysis of UNO components

Table 1 reports the Pearson correlation coefficient of per-pixel outlier scores sUnc and sNO
on Fishyscapes [4] val and RoadAnomaly [34]. We observe that the two UNO components
are either mildly correlated or completely uncorrelated. These findings indicate that the
performance gains of UNO can be explained by the ensemble learning [30].

Data FS L&F FS Static RoadAnomaly
Outliers 0.27 0.01 0.13
Inliers 0.01 0.15 0.01

All 0.16 0.56 0.41

Table 1: Pearson correlation coefficient of per-pixel scores sUnc and sNO on the three outlier
segmentation validation datasets (FS L&F, FS Static and RoadAnomaly).

The benefits of ensembling can also be observed in the feature space. Figure 1 indicates
that features from different outlier datasets have different L2 norms. Outliers that resemble
the training negatives typically have a higher norm and small angle to wK+1, while outliers
that are more similar to inliers have lower norm. In the former case, outliers are detected
with sNO and with sUnc in the latter case.

B On orthogonality of class vectors

We empirically observe that all class vectors wi are mutually orthogonal to each other,
wT

i w j = 0, ∀i, j ∈ {1,2, ...,K + 1}, as shown in Figure 2. The cosine of the angle between
any two different class vectors is approximately zero. Such behaviour allows the geometrical
interpretation of UNO, as shown in Figure 2 of the main manuscript.
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Figure 1: Visualization of the pre-logit space for OpenOOD CIFAR-10. Outlier feature
representations either yield an above-average norm with a small angle to wK+1 (e.g. SVHN
and Places365) or yield low norm representations (e.g. CIFAR-100 that is similar to inliers).

Figure 2: We show that all weight vectors are mutually orthogonal in the form of a heatmap
where each element shows the cosine of the angle between two corresponding weight vec-
tors. We use the K+1-way image-wide classifier with the ResNet-18 backbone trained on
CIFAR-10 as the example.

C Scene parsing with mask-wide recognition

We extend the Mask2Former [8] architecture with our UNO outlier detector to solve the task
of anomaly segmentation. Thus, we describe Mask2Former architecture in detail to make
the manuscript self-contained. The Mask2Former architecture consists of three main parts:
backbone, pixel decoder, and mask decoder. The backbone extracts features at multiple
scales from a given image x ∈ R3×H×W . The pixel decoder produces high-resolution per-
pixel features E∈RE×H×W that are fed into the mask decoder. The mask decoder formulates
semantic segmentation as a direct set prediction problem by providing two outputs: N mask
embeddings q, and N mask-wide categorical distributions over K+1 classes P(Y = k|zi) =
softmax(W · zi +b). The K+1 classes include K inlier classes and one no-object class. Note
that zi denotes the vector of mask-wide pre-logit activations of the i-th mask. The mask
decoder projects pre-logits zi into logits by applying the learned matrix W. The binary
masks m = σ(conv1×1(E,q)) are obtained by scoring per-pixel features E with the mask
embeddings q. The sigmoid activation interprets each element of the obtained tensor as
a probabilistic assignment of the particular pixel into the corresponding mask. Semantic
segmentation can be carried out by classifying each pixel according to a weighted ensemble
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of per-mask classifiers P(y|z), where the weights correspond to dense mask assignments m:

ŷ[r,c] = argmax
k=1,...,K

N

∑
i

mi[r,c]P(Y = k|zi). (1)

Default mask-level posterior already includes K+1 classes that correspond to K inlier
classes and one no-object class. We implement our method by introducing an additional class
to learn the negative objectness, which brings us to K+2 classes in total. To be consistent
with the image-wide setup, in addition to the K inlier classes, we place the outlier class at
index K+1 and the no-object class at index K+2. We expose the segmentation model to
negative data by training on mixed-content images [6]. Closed-set recognition can still be
carried out by considering only the K inlier logits (1).

We detect anomalies on the mask-level by applying UNO to the mask-wide pre-logits zi
of the i-th mask. We define the per-pixel outlier score at spatial positions r and c as a sum of
mask-level outlier scores weighted with with dense probabilistic mask assignments [18]:

sM2F
UNO[r,c] =

N

∑
i=1

mi[r,c] · sUNO(zi) . (2)

D Experimental setup

D.1 Benchmarks and datasets

We evaluate UNO on pixel-level outlier detection benchmarks Fishyscapes [4] and SMIYC
[5] and the image-wide OpenOOD [55] benchmark.
Pixel-level benchmarks. Fishyscapes [4] contains datasets with real (FS Lost&Found) and
synthetic (FS Static) outliers. SMIYC [5] has two dominant tracks which group anomalies
according to size. AnomalyTrack focuses on the detection of large anomalies on the traffic
scenes while ObstacleTrack focuses on the detection of small obstacles on the road. Ad-
ditionaly, we validate on the RoadAnomaly [34] dataset which is an early version of the
AnomalyTrack dataset.
Image-level benchmarks. OpenOOD [55] proposed a unified benchmark for image-wide
OOD detection with large-scale datasets. The test outliers are divided into two groups (Near-
OOD and Far-OOD) based on semantical similarity to the inlier classes or observed empirical
difficulty. The far-OOD group consists of outliers that are semantically far from the inliers
(numerical digits, textural patterns, or scene imagery). The near-OOD group consists of
outliers that are semantically similar to the inliers as they all include specific objects. The
OpenOOD-CIFAR-10 setup uses the official CIFAR-10 [28] splits as ID train, val and test
subsets. The negative dataset corresponds to a subset of Tiny ImageNet (TIN) [31]. The
near-OOD datasets include CIFAR-100 [29] and a subset of Tiny ImageNet (TIN) [31] that
does not overlap with CIFAR-10 and the negative dataset. The far-OOD group consists of
MNIST [12], SVHN [53], Textures [9], and Places365 [57] without images that are related
with any of the ID classes. The large-scale OpenOOD ImageNet-200 benchmark considers
a subset of 200 classes from ImageNet-1K[11] as the inlier training dataset. The remaining
800 classes are used as the negative dataset. The near-OOD group consists of SSB-hard
[48] and NINCO [3] while the far-OOD group includes iNaturalist [47], Textures [9], and
OpenImage-O [49].
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D.2 Evaluation metrics
We use standard evaluation metrics: area under the precision-recall curve (AP), area under
the receiver operating curve (AUROC or AUC), and false positive rate at 95% true positive
rate (FPR95). We validate in-distribution performance with accuracy and mIoU. Note that
we omit the AUROC metric in the pixel-level experiments since all methods achieve high
AUROC within variance.

D.3 Implementation details
Segmentation of road scenes. Our pixel-level experiments build upon a Mask2Former
model [8] with an ImageNet-initialized SWIN-L [36] backbone. We pre-train the Mask2Former
in closed-set setup for 115K iterations on Cityscapes [10] and Mapillary Vistas [38] with the
Cityscapes taxonomy. We use the default hyperparameters [8] and set the batch size to 18.
We extend the mask-wide classifier to K+2 classes and fine-tune the model on mixed-content
scenes with either real or synthetic negatives for 2K iterations. We use the zero-initialization
for the added weights. When training with real negative data, we assemble mixed-content
images by pasting three semantically different instances sampled from ADE20K [58] after
resizing to the range of [96, 512]. In the case of training with synthetic negatives, we jointly
fine tune the K+2-way segmentation model and a flow by adding the loss defined in Equation
6 in the main manuscript to the standard optimization process [8]. We use the DenseFlow-25-
6 [17] that we pretrain on Mapillary Vistas for 300 epochs. We generate rectangular patches
with spatial dimensions in the range of [48, 512] by sampling the jointly trained flow. We set
the loss modulation parameter from Equation 6 to 0.03. We find that training our segmen-
tation model with negatives from scratch, besides from beeing computationally expensive,
leads to overfitting to negatives. Thus, we only finetune the model trained in closed-set
manner with both real and synthetic negatives. Additionally, in this case we do not observe
feature collapse when utilizing the joint loss (Equation 6 in the main manuscript) since we
only jointly train for a small number of iterations. The closed-set training of Mask2Former
lasts 48 hours, while the fine-tuning stage takes only 30 minutes on three A6000 GPUs.

Image classification Our image-wide experiments follow the official training setup [55].
When training with real negatives, we train the ResNet-18 [20] backbone with a K+1-way
classification layer for 100 epochs from random initialization. We use the SGD optimizer
with a momentum of 0.9 and a learning rate of 0.1 with cosine annealing decay schedule. We
apply the weight decay of 0.0005. We set the batch size to 128 for CIFAR-10 and 256 for
ImageNet-200. Each minibatch contains the equal ratio of all K+1 classes. Specifically, for
CIFAR-10 the minibatch contains 117 inlier images and 11 negative images, and 255 inliers
and only one negative sample for the ImageNet-200. When training with synthetic negatives
we follow the two step procedure as explained in Section 4 of the main manuscript. We
use the DenseFlow-25-6 [16] to generate synthetic samples. We pretrain the flow on inlier
images, e.g. CIFAR-10 or ImageNet-200, for 300 epoch following the hyperparameters from
[16]. In the first step, we jointly train the flow pretrained on inlier images and a randomly
initialized K-way classifier with the ResNet-18 backbone according to Equation 6 from the
main manuscript. We train for 100 epochs and use the same hyperparameters as described
above. In the second step, we freeze the flow and add the K+1-th logit to the classifier and
finetune for 20 epochs. We set the learning rate for the backbone to 0.0001 and 0.01 for the
final fully connected layer. We set the loss modulation parameter from Equation 6 to 0.03.
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E Additional results
We provide a discussion on the choice of negative data, an alternative implementation of
negative objectness and the full results on the OpenOOD [55] benchmark.

E.1 Impact of synthetic negatives
Table 2 shows the performance of UNO depending on the source of negative training data.
We experiment with random crops from inlier scenes, synthetic negatives generated by a
jointly trained normalizing flow, and random instances from the ADE datasets. Training on
synthetic negatives is more beneficial than training on inlier even though the flow was jointly
trained only for a small number of iterations. For instance, training on inlier crops yields a
high FPR95 on Fishyscapes Lost&Found. Contrary, synthetic negatives yield low FPR95 on
all three validations sets. Still, there is a performance gap between models that are trained
with and without real negative data.

Table 2: Performance of UNO for different training negatives in per-pixel outlier segmenta-
tion.

Training FS L&F FS Static RoadAnomaly
negatives AP FPR95 AP FPR95 AP FPR95

Inlier crops 67.2 62.5 79.2 0.9 86.5 7.6
Synthetic negatives 74.5 6.9 96.9 0.1 82.4 9.2
ADE20k negatives 81.8 1.3 98.0 0.04 88.5 7.4

E.2 Alternative implementation of the outlier posterior
The outlier posterior P(yNO|z) can alternatively be modeled with an additional out-of-distribution
head [2]. Then, we introduce an additional binary cross-entropy loss term to train the out-
of-distribution head that discriminates inliers and outliers. This way the closed set classi-
fier ends up with K classes and is not affected by the negative data. When applied to the
mask-wide recognition architecture, the OOD head has 3 outputs 1) inlier, 2) outlier and 3)
no-object. Table 3 shows the comparison of the K+2-way classifier proposed in the main
paper with a K+1-way classifier and a 3-way OOD head and ablation of UNO components
in the pixel-wise outlier detection setup. Our original UNO formulation built atop K+2-way
classifier consistently outperforms alternative formulations across all datasets and metrics.

Table 3: Comparison of the K+2-way classifier with the OOD head atop of Mask2Former
architecture on Fishyscapes val and RoadAnomaly.

FS L&F FS Static RoadAnomaly
Method Score AP FPR95 AP FPR95 AP FPR95

K+2-way classifier sUNO 81.8 1.3 98.0 0.0 88.5 7.4
K-way classifier & OOD head sUNO 81.4 5.3 89.0 0.3 80.6 10.6
K-way classifier & OOD head sUnc 77.8 2.2 86.4 1.6 76.1 8.4
K-way classifier & OOD head sNO 79.9 7.3 88.3 0.3 74.5 25.2

Table 4 presents a similar analysis in the image-wide setting using the OpenOOD CIFAR-
10 setup. Again, the K+1-way classifier combined with our UNO score outperforms the
K-way classifier and a binary OOD head. Still, our UNO score works well even with the
alternative formulation.
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Table 4: Comparison of the K+1-way classifier with the binary OOD head atop of ResNet-18
on OpenOOD CIFAR-10. We use UNO as the outlier score.

Method Near-OOD Far-OOD
AUC FPR95 AUC FPR95

K+1-way classifier 95.00 18.75 97.95 9.30
K-way classifier & OOD head 94.23 19.31 97.76 11.12

E.3 Full results on OpenOOD

Tables 5 and 6 provide the extended results on the OpenOOD [55] benchmark. We compare
with post-hoc methods (upper section) and training methods without (middle section) and
with the use of real negative data (bottom section). All results are averaged over three runs
with variances in subscripts.
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Table 5: OOD detection performance on the OpenOOD benchmark, the CIFAR-10 dataset.

Method Near-OOD Far-OOD
AUC FPR95 AP AUC FPR95 AP Acc.

OpenMax [1] 87.62(±0.29) 43.62(±2.27) 80.60(±0.29) 89.62(±0.19) 29.69(±1.21) 90.19(±0.41) 95.06(±0.30)
MSP [21] 88.03(±0.25) 48.17(±3.92) 85.43(±0.36) 90.73(±0.43) 31.72(±1.84) 93.27(±0.14) 95.06(±0.30)
TempScale [19] 88.09(±0.31) 50.96(±4.32) 86.11(±0.33) 90.97(±0.52) 33.48(±2.39) 93.68(±0.11) 95.06(±0.30)
ODIN [33] 82.87(±1.85) 76.19(±6.08) 83.03(±1.15) 87.96(±0.61) 57.62(±4.24) 93.14(±0.44) 95.06(±0.30)
MDS [32] 84.20(±2.40) 49.90(±3.98) 79.88(±3.18) 89.72(±1.36) 32.22(±3.40) 93.81(±0.74) 95.06(±0.30)
MDSEns [32] 60.43(±0.26) 92.26(±0.20) 59.94(±0.19) 73.90(±0.27) 61.47(±0.48) 83.37(±0.04) 95.06(±0.30)
RMDS [39] 89.80(±0.28) 38.89(±2.39) 87.52(±0.29) 92.20(±0.21) 25.35(±0.73) 94.21(±0.10) 95.06(±0.30)
Gram [40] 58.66(±4.83) 90.87(±1.91) 57.57(±5.09) 71.73(±3.20) 72.34(±6.73) 82.89(±3.14) 95.06(±0.30)
EBO [35] 87.58(±0.46) 61.34(±4.63) 87.04(±0.27) 91.21(±0.92) 41.69(±5.32) 94.31(±0.09) 95.06(±0.30)
OpenGAN [27] 53.71(±7.68) 94.48(±4.01) 53.35(±5.22) 54.61(±15.51) 83.52(±11.63) 73.34(±8.49) 95.06(±0.30)
GradNorm [26] 54.90(±0.98) 94.72(±0.82) 57.95(±1.98) 57.55(±3.22) 91.90(±2.23) 76.75(±1.95) 95.06(±0.30)
ReAct [43] 87.11(±0.61) 63.56(±7.33) 86.65(±0.19) 90.42(±1.41) 44.90(±8.37) 93.99(±0.45) 95.06(±0.30)
MLS [23] 87.52(±0.47) 61.32(±4.62) 86.88(±0.29) 91.10(±0.89) 41.68(±5.27) 94.21(±0.06) 95.06(±0.30)
KLM [23] 79.19(±0.80) 87.86(±6.37) 80.37(±0.46) 82.68(±0.21) 78.31(±4.84) 90.57(±0.25) 95.06(±0.30)
VIM [49] 88.68(±0.28) 44.84(±2.31) 86.32(±0.39) 93.48(±0.24) 25.05(±0.52) 96.27(±0.24) 95.06(±0.30)
KNN [44] 90.64(±0.20) 34.01(±0.38) 88.50(±0.35) 92.96(±0.14) 24.27(±0.40) 94.93(±0.07) 95.06(±0.30)
DICE [42] 78.34(±0.79) 70.04(±7.64) 74.80(±2.33) 84.23(±1.89) 51.76(±4.42) 89.06(±1.72) 95.06(±0.30)
RankFeat [41] 79.46(±2.52) 60.88(±4.60) 74.46(±3.08) 75.87(±5.06) 57.44(±7.99) 81.27(±3.67) 95.06(±0.30)
ASH [14] 75.27(±1.04) 86.78(±1.82) 77.24(±1.26) 78.49(±2.58) 79.03(±4.22) 88.33(±1.39) 95.06(±0.30)
SHE [56] 81.54(±0.51) 79.65(±3.47) 82.04(±0.51) 85.32(±1.43) 66.48(±5.98) 91.26(±0.04) 95.06(±0.30)

ConfBranch [13] 89.84(±0.24) 31.28(±0.66) 85.50(±0.30) 92.85(±0.29) 94.88(±0.05) 93.48(±0.39) 94.88(±0.05)
RotPred [22] 92.68(±0.27) 28.14(±1.68) 90.47(±0.35) 96.62(±0.18) 12.23(±0.33) 97.54(±0.13) 95.35(±0.52)
G-ODIN [24] 89.12(±0.57) 45.54(±2.52) 88.25(±0.49) 95.51(±0.31) 21.45(±1.91) 97.35(±0.34) 94.70(±0.25)
CSI [45] 89.51(±0.19) 33.66(±0.64) 86.37(±0.25) 92.00(±0.30) 26.42(±0.29) 93.90(±0.33) 91.16(±0.14)
ARPL [7] 87.44(±0.15) 40.33(±0.70) 82.96(±0.33) 89.31(±0.32) 32.39(±0.74) 91.41(±0.09) 93.66(±0.11)
MOS [25] 71.45(±3.09) 78.72(±5.86) 72.41(±3.05) 76.41(±5.93) 62.90(±6.62) 85.24(±2.92) 94.83(±0.37)
VOS [15] 87.70(±0.48) 57.03(±1.92) 86.57(±0.73) 90.83(±0.92) 40.43(±4.53) 93.95(±0.56) 94.31(±0.64)
LogitNorm [50] 92.33(±0.08) 29.34(±0.81) 90.62(±0.09) 96.74(±0.06) 13.81(±0.20) 97.29(±0.21) 94.30(±0.25)
CIDER [37] 90.71(±0.16) 32.11(±0.94) 87.97(±0.24) 94.71(±0.36) 20.72(±0.85) 96.19(±0.19) -
NPOS [46] 89.78(±0.33) 32.64(±0.70) 86.36(±0.68) 94.07(±0.49) 20.59(±0.69) 96.20(±0.43) -
UNO (ours) 91.34(±0.33) 31.78(±0.82) 87.39(±0.35) 92.55(±0.25) 20.54(±0.87) 93.96(±0.25) 95.20(±0.25)

MixOE [54] 88.73(±0.82) 51.45(±7.78) 94.25(±0.17) 91.93(±0.69) 33.84(±4.77) 98.00(±0.02) 94.55(±0.32)
MCD [52] 91.03(±0.12) 30.17(±0.06) 87.73(±0.36) 91.00(±1.10) 32.03(±4.21) 94.45(±0.85) 94.95(±0.04)
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Table 6: OOD detection performace on the OpenOOD benchmark, the Imagenet-200 dataset.

Method Near-OOD Far-OOD
AUC FPR95 AP AUC FPR95 AP Acc.

OpenMax [1] 80.27(±0.10) 63.48(±0.25) 81.42(±0.19) 90.20(±0.17) 33.12(±0.66) 85.13(±0.47) 86.37(±0.08)
MSP [21] 83.34(±0.06) 54.82(±0.35) 85.95(±0.05) 90.13(±0.09) 35.43(±0.38) 88.71(±0.14) 86.37(±0.08)
TempScale [19] 83.69(±0.04) 54.82(±0.23) 86.29(±0.02) 90.82(±0.09) 34.00(±0.37) 89.49(±0.15) 86.37(±0.08)
ODIN [33] 80.27(±0.08) 66.76(±0.26) 85.02(±0.03) 91.71(±0.19) 34.23(±1.05) 91.29(±0.15) 86.37(±0.08)
MDS [32] 61.93(±0.51) 79.11(±0.31) 67.68(±0.42) 74.72(±0.26) 61.66(±0.27) 70.80(±0.61) 86.37(±0.08)
MDSEns [32] 54.32(±0.24) 91.75(±0.10) 64.81(±0.24) 69.27(±0.57) 80.96(±0.38) 69.62(±0.52) 86.37(±0.08)
RMDS [39] 82.57(±0.25) 54.02(±0.58) 83.07(±0.45) 88.06(±0.34) 32.45(±0.79) 82.71(±0.78) 86.37(±0.08)
Gram [40] 67.67(±1.07) 86.40(±1.21) 75.63(±0.78) 71.19(±0.24) 84.36(±0.78) 72.75(±0.25) 86.37(±0.08)
EBO [35] 82.50(±0.05) 60.24(±0.57) 85.48(±0.07) 90.86(±0.21) 34.86(±1.30) 89.85(±0.21) 86.37(±0.08)
OpenGAN [27] 59.79(±3.39) 84.15(±3.85) 66.85(±2.79) 73.15(±4.07) 64.16(±9.33) 66.62(±3.69) 86.37(±0.08)
GradNorm [26] 72.75(±0.48) 82.67(±0.30) 80.19(±0.68) 84.26(±0.87) 66.45(±0.22) 86.54(±0.92) 86.37(±0.08)
ReAct [43] 81.87(±0.98) 62.49(±2.19) 85.38(±0.34) 92.31(±0.56) 28.50(±0.95) 91.31(±0.80) 86.37(±0.08)
MLS [23] 82.90(±0.04) 59.76(±0.59) 85.96(±0.07) 91.11(±0.19) 34.03(±1.21) 90.10(±0.21) 86.37(±0.08)
KLM [23] 80.76(±0.08) 70.26(±0.64) 83.41(±0.23) 88.53(±0.11) 40.90(±1.08) 84.22(±0.47) 86.37(±0.08)
VIM [49] 78.68(±0.24) 59.19(±0.71) 81.61(±0.29) 91.26(±0.19) 27.20(±0.30) 90.01(±0.35) 86.37(±0.08)
KNN [44] 81.57(±0.17) 60.18(±0.52) 85.72(±0.17) 93.16(±0.22) 27.27(±0.75) 93.48(±0.15) 86.37(±0.08)
DICE [42] 81.78(±0.14) 61.88(±0.67) 85.37(±0.13) 90.80(±0.31) 36.51(±1.18) 90.55(±0.29) 86.37(±0.08)
RankFeat [41] 56.92(±1.59) 92.06(±0.23) 66.17(±1.63) 38.22(±3.85) 97.72(±0.75) 45.25(±2.81) 86.37(±0.08)
ASH [14] 82.38(±0.19) 64.89(±0.90) 87.03(±0.06) 93.90(±0.27) 27.29(±1.12) 94.15(±0.32) 86.37(±0.08)
SHE [56] 80.18(±0.25) 66.80(±0.74) 84.20(±0.28) 89.81(±0.61) 42.17(±1.24) 90.05(±0.62) 86.37(±0.08)

ConfBranch [13] 79.10(±0.24) 61.44(±0.34) 82.11(±0.30) 90.43(±0.18) 34.75(±0.63) 88.67(±0.27) 85.92(±0.07)
RotPred [22] 81.59(±0.20) 60.42(±0.60) 84.87(±0.19) 92.56(±0.09) 26.16(±0.38) 90.10(±0.08) 86.37(±0.16)
G-ODIN [24] 77.28(±0.10) 69.87(±0.46) 82.77(±0.16) 92.33(±0.11) 30.18(±0.49) 92.04(±0.10) 84.56(±0.28)
ARPL [7] 82.02(±0.10) 55.74(±0.70) 84.35(±0.08) 89.23(±0.11) 36.46(±0.08) 87.63(±0.19) 83.95(±0.32)
MOS [25] 69.84(±0.46) 71.60(±0.48) 73.38(±0.56) 80.46(±0.92) 51.56(±0.42) 72.79(±1.43) 85.60(±0.20)
VOS [15] 82.51(±0.11) 59.89(±0.47) 85.59(±0.07) 91.00(±0.28) 34.01(±0.97) 90.11(±0.30) 86.23(±0.19)
LogitNorm [50] 82.66(±0.15) 56.46(±0.37) 86.41(±0.08) 93.04(±0.21) 26.11(±0.52) 92.25(±0.32) 86.04(±0.15)
CIDER [37] 80.58(±1.75) 60.10(±0.73) 83.32(±1.76) 90.66(±1.68) 30.17(±2.75) 89.16(±2.38) -
NPOS [46] 79.40(±0.39) 62.09(±0.05) 84.37(±0.35) 94.49(±0.07) 21.76(±0.21) 94.83(±0.07) -
UNO (ours) 81.16(±0.65) 61.10(±0.93) 85.31(±0.94) 92.53(±0.48) 32.32(±0.19) 87.24(±0.33) 86.33(±0.36)

OE [21] 84.84(±0.16) 52.30(±0.67) 86.86(±0.22) 89.02(±0.18) 34.17(±0.56) 85.15(±0.26) 85.82(±0.21)
MCD [52] 83.62(±0.09) 54.71(±0.83) 84.44(±0.30) 88.94(±0.10) 29.93(±0.30) 82.90(±0.48) 86.12(±0.17)
UDG [51] 74.30(±1.63) 68.89(±1.72) 78.09(±2.02) 82.09(±2.78) 62.04(±5.99) 81.63(±3.29) 68.11(±1.24)
MixOE [54] 82.62(±0.03) 57.97(±0.40) 84.78(±0.05) 88.27(±0.41) 40.93(±0.29) 86.01(±0.60) 85.71(±0.07)
UNO (ours) 85.07(±0.78) 51.71(±0.31) 85.29(±0.71) 89.63(±0.46) 36.79(±0.21) 87.07(±0.14) 86.42(±0.32)
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