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1. Preliminaries
To further encourage the model to focus on these meaning-
ful, class-specific attributes and prevent it from relying on
shared features, we introduce an orthogonality loss. This
loss function ensures that the feature embeddings for each
class reside in distinct, linearly independent, and orthogonal
subspaces. By enforcing this constraint, a potentially shared
attribute (like a general feature on ‘Axis 2’) is effectively
converted into a class-specific attribute, forcing the model
to learn truly discriminative representations and thereby en-
hancing its ability to accurately classify both known and
novel classes as Fig 1.

Figure 1. To encourage the model to learn class-specific attributes,
avoiding shared features by ensuring that embeddings from differ-
ent classes reside in distinct, linearly independent, and orthogonal
subspaces, we implement an orthogonality loss. Axis 2 is a class-
shared attribute which is converted to a class-specific attribute via
orthogonalization loss.

2. Methods
2.1. Proof of Theorem 01
Suppose we consider a sample (xi, yi), then our loss is:

LvMFAL = − 1

N

N∑
i=1

C∑
j=1

Sij logPij (1)

Figure 2. When classes are well-clustered, exhibiting both uni-
formity and alignment, they form hyperspherical clusters. In such
hyperspheres, the clusters become linearly separable, often taking
the shape of spherical caps. This property, however, does not gen-
erally hold in standard Euclidean spaces. This Figure was taken
directly, from [19]

The per-sample loss is:

L(i)
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Where ỹi = [yi1, yi2, . . . , yiC ], and Sij =

yij∑
k∈C yik

.
Assume µj are fixed/constant with respect to zi.
Theorem: The first derivative of the loss L(i)

vMFAL for a sam-
ple i is:
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From the definition,
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From Lemma 2.1.1,
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• When the model underestimates the similarity for class
j (i.e., Sij > Pij), the gradient encourages zi to move
toward the class weight vector µj .

• Conversely, when the model overestimates the similarity
for class j (i.e., Pij > Sij), the gradient pushes zi away
from µj .

2.1.1. Proof of Lemma 01
Below is a short, self-contained proof of the gradient of
logPij with respect to zi.
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Combine the two contributions:
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2.2. Proof of Theorem 02
Our proposed loss promotes Uniformity and Alignment in
our representations.

Suppose we consider a sample (xi, yi), then our loss is:
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Expanding the log terms and the exponents,
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Using the identity for unit-normed vectors
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2.3. Alignment–Uniformity Balancing
1. Alignment Term
For a (mixed) ambiguous target Sik ≈ 1/C we have
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√
C ≪ 1 for large C. Hence ∇ziLAlign =

− 1
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3. Experimental Setup
3.1. Semantic Shift Benchmark
We used three widely recognized fine-grained image classi-
fication datasets to evaluate our method. These datasets are
known for their subtle inter-class differences, which pose a
significant challenge for machine learning models. To ad-
dress this, it is essential to disentangle covariate shifts from
semantic shifts as shown in Fig 3 [17].

Figure 3. This figure illustrates the distinction between semantic
and covariate shifts. Motorcycles and Cars represent distinct se-
mantic categories; their inherent meaning (category) remains un-
changed even when external input conditions, such as lighting, un-
dergo a covariate shift.

The core challenge of OSR lies in a model’s ability to
identify the ”axes of variation” that distinguish between cat-
egories. For example, in a bird classification task, the model

must learn which features define a species (e.g., beak shape,
feather patterns) and which features are simply variations
within a species (e.g., pose, lighting).

Many existing OSR benchmarks use datasets with ab-
stract or broadly defined classes, making the ”axes of vari-
ation” ambiguous. This can lead models to rely on seman-
tically meaningless features, such as background color, to
differentiate classes. In contrast, our proposed fine-grained
setting provides a more constrained and semantically mean-
ingful context. For example, in the CUB dataset, the clas-
sification axes are clearly defined by the unique features of
bird species, making the problem better-posed and the eval-
uation more reliable.

3.2. Legacy Benchmarks
We follow the evaluation protocol from [14, 15, 23]. It has
four datasets; each dataset is partitioned into five predefined
splits, each split assigning a distinct set of Ntrain known
classes. The remaining Ntest classes in the dataset, exclud-
ing the selected known classes, serve as unknown classes
for their corresponding split. To ensure robustness, we re-
port the mean performance across these five splits.

Considering the complexity of real-world scenarios,
where the ratio of seen to unseen data varies between tasks,
we use openness to quantify the dataset’s complexity[21].

Openness is defined as 1−
√

Ntrain

Ntest
. [14, 21]

We use the following datasets and splits:
MNIST/CIFAR10(C10) [9, 11]: These datasets each
contain 10 classes, with CIFAR10 featuring images of vehi-
cles and animals. We randomly select six classes as known
and treat the remaining four classes as unknown. The
openness for this setup is 22.54%. CIFAR+10(C+10) [14]
and CIFAR+50(C+50): To increase the openness, we
choose four classes from CIFAR10 as known and sam-
ple 10 and 50 additional classes from CIFAR100 as
unknown, resulting in CIFAR+10 and CIFAR+50, with
openness values of 46.55% and 72.78%, respectively.
Tiny-ImageNet(TIN) [10]: Tiny-ImageNet, a subset of
ImageNet, includes 200 classes. We select 20 classes as
known, and the remaining 180 classes serve as unknown,
leading to an openness of 68.37%.

3.3. Training Configuration
Similiar to [17], we used a cosine warm restarts scheduler
with a warmup period and a total of 2 restarts over 600
epochs. A fixed random seed was used for reproducibility.
SGD optimizer was used. The temperature was set to 0.07
as the default value based off previous implementations. It
is summarized in Table 1.

3.3.1. Stage 01
SSB For ResNet, the feature dimension was 2048, how-
ever the projection dimension was 1024 consistently for all



datasets. The projector was a linear layer.
Legacy For CNN-32, the feature dimension was 128 for
datasets, however the projection dimension was 128 for
TinyImagenet, and 64 otherwise. The projector was a linear
MLP layer.

3.3.2. Stage 02
SSB We followed the same training process as before,
eith some minor exceptions: the learning rate being 0.01.
Trained for 20 epochs. No Mixup/LS was applied. The
classifier was a linear layer.
Legacy We followed the same training process as before,
eith some minor exceptions: the learning rate being 0.01.
Trained for 30 epochs. No Mixup/LS was applied. The clas-
sifier was a two layered MLP layer: with relu activation and
the hidden dimension being the same as the input feature di-
mension. TinyImageNet uses leakyRelu, other datasets use
Relu as in previous works.

3.4. Hyperparameter and Data Augmentation
We experimented with different loss functions and hyper-
parameters tailored to each dataset. A crucial component of
our training was the use of RandAugment, a data augmen-
tation technique that automatically finds the optimal combi-
nation of augmentation policies. The specific hyperparam-
eters used for each loss function and dataset combination
are detailed in Table 1. The RandAugment policy is con-
trolled by two main parameters: N , the number of augmen-
tation transformations to apply, and M , the magnitude of
the transformations.

The data augmentation pipeline for training, which in-
cludes RandAugment, was as follows:
1. Resize: The image is resized to the target image size

(e.g., 448x448).
2. RandAugment: A set of random augmentations (con-

trolled by N and M ) is applied to the image.
3. RandomCrop: A random crop of the image with

padding is taken.
4. RandomHorizontalFlip: The image is randomly

flipped horizontally.
5. Normalize: The image is normalized using a predefined

mean and standard deviation.
The standard mean and standard deviation values used for
normalization were (0.4914, 0.4822, 0.4465) and (0.2023,
0.1994, 0.2010), respectively. The test-time transforma-
tions were simpler, consisting of only resizing, converting
to a tensor, and normalization.

4. Results

4.1. SSB
Extended SSB results with scoring rules KL[4], MSP and
Energy[12] are provided in Table 2.

4.2. Legacy Benchmarks

Extended Legacy A results with all the scoring rules are pro-
vided in Table 3. Legacy B with the metrics AUIN/AUOUT
presented in Table 4. For detailed explanation of the met-
rics, refer to [2].

5. Discussion

5.1. Normalized vs Unnormalized feature norms

To enable the classifier to better exploit norm-based sepa-
rability to distinguish unknown samples, we use unnormal-
ized feature norms during the training phase. This approach
allows the classifier to adapt more effectively to the under-
lying structure of the data. We evaluate the impact of in-
corporating feature norms by comparing classifier perfor-
mance with and without normalization. The results clearly
indicate that using unnormalized features consistently im-
proves OSCR and AUROC performance across all datasets.
The Results are in Table 5.

5.2. Extended Ablation of Label Smoothing and
Mixup

The extended ablation of Mixup and label smoothing for
both pretrained and non-trained versions are as follows Ta-
ble 6.

5.3. Visualizations and Extended AS/NS Analysis

To break down, we analyze the effects using our metrics AS
and NS, the extended results for both pretrained and non-
pretrained are in Table 7.

To visualize how label smoothing changes the feature
norms as shown as density plots in Fig 4. In this, both of it
leads to better separation between the unknown and known
categories.

5.4. Extended Small-Batch Robustness Study

As observed, SpHOR maintains robustness and good per-
formance when trained with small batches compared to
SupCON8. Hard+Easy combined OSCR is used as the met-
ric.
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Table 1. Hyper-parameters for the benchmarks. Stage 01 We take the exact parameters from MLS[17] LR (Pre) is the learning rate for the
pretrained models, LR is the learning rate for the non-pretrained models. The LR for MLS was increased to 0.01 for the non-pretrained
models.

Loss Dataset Image Size LR RandAug N RandAug M Label Smoothing Batch Size
MLS CUB 448 0.001 2 30 0.3 64
MLS FGV-Aircraft 448 0.001 2 15 0.2 64
MLS SCARS 448 0.001/0.01 2 15 0.2 64

Sphor/SupCON CUB 448 0.1 2 30 0.3 64
Sphor/SupCON FGV-Aircraft 448 0.1 2 15 0.2 64
Sphor/SupCON SCARS 448 0.1 2 15 0.2 64

ARPLoss CUB 448 0.001 2 30 0.2 64
ARPLoss FGV-Aircraft 448 0.001 2 18 0.1 64
ARPLoss SCARS 448 0.001 2 18 0.1 64

Sphor SVHN 32 0.1 1 18 0 128
Sphor CIFAR-10 32 0.1 1 6 0 128
Sphor CIFAR-10+/50+ 32 0.1 1 6 0 128
Sphor Tiny-Imagenet 64 0.1 1 9 0.9 128

Table 2. OSR results on the Semantic Shift Benchmark, on the ResNet50 backbone with/without Imagenet-pretraining. Each method
(except ARPL+) is paired with a scoring rule (MaxLogit/KNN/PostMax/NNGuide) for unknown detection. The table reports Closed-set
Accuracy, AUROC, and OSCR. Results are presented for both ‘Easy/Hard’ unknown test-data splits. The results were average over 3
different seeds. (w/o ROrtho) denotes training without the orthogonality regularization term

Semantic Shift Caltech-UCSD-Birds (CUB)[18] Stanford Cars (SCars)[8] FGVC-Aircraft[13]
Benchmark Acc. ↑ AUROC ↑ OSCR ↑ Acc. ↑ AUROC ↑ OSCR ↑ Acc. ↑ AUROC ↑ OSCR ↑
With Imagenet Pretraining (Easy/Hard) (Easy/Hard) (Easy/Hard) (Easy/Hard) (Easy/Hard) (Easy/Hard)
ARPL+ [2] 85.4 81.77 / 73.88 73.07 / 66.94 89.8 84.95 / 76.39 79.32 / 72.21 83.3 85.75 / 74.57 75.51 / 66.69
MLS [17] +MaxLogit 85.2 83.16 / 73.98 74.38 / 67.16 89.3 83.96 / 76.63 78.32 / 72.33 80.2 85.23 / 73.73 73.01 / 73.01
MLS [17] + Mixup +MaxLogit 88.3 86.19 / 78.00 78.64 / 72.11 91.5 87.26 / 82.35 81.93 / 78.06 81.3 87.34 / 75.34 75.02 / 74.34
MLS [17] + Mixup +KL 88.3 85.32 / 74.45 77.14 / 68.16 91.5 84.4 / 79.47 79.15 / 75.08 81.30 86.12 / 74.43 73.14 / 72.44
MLS [17] + Mixup +Energy 88.3 85.32 / 74.45 77.11 / 68.15 91.5 84.45 / 79.37 79.19 / 75.01 81.3 86.23 / 73.99 73.12 / 72.32
MLS [17] + Mixup +MSP 88.3 85.82 / 79.21 78.65 / 73.55 91.5 88.16 / 82.66 83.49 / 79.07 81.3 87.21 / 75.01 74.12 / 73.22
MLS [17] + Mixup +PostMax 88.3 84.34 / 74.44 77.03 / 68.82 91.5 85.75 / 81.32 81.25 / 77.75 81.3 81.24 / 71.14 71.12 / 71.22
MLS [17] + Mixup +NNGuide 88.3 86.56 / 77.14 77.88 / 70.30 91.5 76.35 / 76.66 71.87 / 72.25 81.3 79.34 / 78.45 69.32 / 68.78
MLS [17] + Mixup +KNN 88.3 81.43 / 69.62 73.33 / 63.33 91.5 72.84 / 73.24 68.59 / 68.93 81.3 78.99 / 77.89 67.31 / 66.11
SupCON [6] +MaxLogit 78.2 88.52 / 75.44 72.62 / 63.55 91.8 90.90 / 79.25 85.61 / 75.42 88.9 83.02 / 79.93 77.79 / 75.36
SupCON [6] +PostMax 78.2 84.09 / 68.32 67.91 / 56.58 91.8 82.53 / 60.17 77.55 / 56.94 88.9 64.84 / 58.95 60.67 / 55.47
SupCON [6] +NNGuide 78.2 80.73 / 67.25 66.67 / 56.43 91.8 86.81 / 77.67 81.46 / 73.43 88.9 56.25 / 65.58 52.74 / 61.30
SupCON [6] +KNN 78.2 88.61 / 75.32 72.77 / 63.09 91.8 92.07 / 81.17 86.69 / 77.13 88.9 89.90 / 81.39 83.71 / 76.29
SupCON [6] +KL 78.2 88.84 / 73.83 72.53 / 61.76 91.8 90.64 / 78.83 85.26 / 74.85 88.9 89.83 / 80.38 83.68 / 75.54
SupCON [6] +Energy 78.2 88.82 / 73.83 72.53 / 61.76 91.8 90.64 / 78.82 85.26 / 74.85 88.9 75.79 / 76.54 71.11 / 71.92
SupCON [6] +MSP 78.2 88.4 / 76.17 72.57 / 64.32 91.8 90.94 / 79.25 85.66 / 75.46 88.9 90.62 / 80.72 84.54 / 76.25
SpHOR(w/o ROrtho) +MaxLogit 90.3 91.10 / 83.59 85.09 / 79.10 96.6 94.62 / 83.31 92.51 / 82.00 89.4 90.62 / 82.26 85.00 / 78.07
SpHOR +MaxLogit 90.8 91.72 / 83.28 85.72 / 79.01 96.3 94.12 / 83.13 91.76 / 81.72 90.6 91.54 / 81.08 86.79 / 77.64
SpHOR +KNN 90.8 90.01 / 83.02 84.28 / 78.75 96.3 93.64 / 82.67 91.44 / 81.27 90.6 91.60 / 81.37 85.75 / 77.00
SpHOR +NNGuide 90.8 89.02 / 82.23 83.14 / 77.72 96.3 90.91 / 80.35 88.65 / 78.82 90.6 93.11 / 83.08 87.82 / 79.25
SpHOR +PostMax 90.8 91.35 / 81.83 85.35 / 77.60 96.3 93.44 / 82.57 91.12 / 81.17 90.6 93.02 / 81.74 87.56 / 77.94
SpHOR +KL 90.8 91.67 / 82.68 85.52 / 78.25 96.3 93.86 / 81.76 91.57 / 80.36 90.6 93.09 / 82.88 87.43 / 78.72
SpHOR +Energy 90.8 83.77 / 76.68 78.22 / 72.25 96.3 88.96 / 80.96 86.66 / 79.14 90.6 86.32 / 76.08 81.58 / 72.41
SpHOR +MSP 90.8 91.35 / 83.49 85.54 / 79.21 96.3 94.38 / 82.42 92.18 / 81.12 90.6 91.54 / 81.08 86.79 / 77.64
Without Imagenet Pretraining (Easy/Hard) (Easy/Hard) (Easy/Hard) (Easy/Hard) (Easy/Hard) (Easy/Hard)
ARPL+ [2] 46.8 67.59 / 59.35 37.33 / 33.95 76.1 80.45 / 72.38 66.70 / 61.18 77.8 78.53 / 70.18 67.33 / 61.41
MLS [17] +MaxLogit 53.2 68.42 / 61.79 43.44 / 41.26 76.5 79.31 / 71.22 65.12 / 60.34 78.2 78.66 / 72.23 67.45 / 62.89
MLS [17] + Mixup +MaxLogit 56.9 70.22 / 63.69 45.74 / 42.57 86.9 87.38 / 77.83 79.54 / 71.91 82.1 84.44 / 78.39 74.48 / 70.23
MLS [17] + Mixup +PostMax 56.9 73.10 / 62.93 47.10 / 42.01 86.9 86.39 / 77.13 78.76 / 71.32 82.1 80.65 / 73.86 72.30 / 67.28
MLS [17] + Mixup +NNGuide 56.9 59.38 / 59.65 38.75 / 38.66 86.9 81.37 / 74.81 74.10 / 68.56 82.1 77.49 / 79.10 67.45 / 68.34
MLS [17] + Mixup +KNN 56.9 52.53 / 53.96 31.01 / 31.80 86.9 63.42 / 65.01 57.88 / 59.16 82.1 79.17 / 78.92 67.81 / 67.55
MLS [17] + Mixup +MSP 56.9 70.69 / 65.39 46.80 / 44.47 86.9 87.34 / 78.17 79.76 / 72.51 82.1 84.00 / 78.38 74.50 / 70.67
MLS [17] + Mixup +Energy 56.9 67.87 / 60.62 42.93 / 39.13 86.9 85.86 / 76.16 77.36 / 69.53 82.1 84.88 / 78.17 73.80 / 68.98
MLS [17] + Mixup +KL 56.9 67.82 / 60.60 42.90 / 39.12 86.9 85.84 / 76.15 77.35 / 69.51 82.1 84.85 / 78.24 73.79 / 69.02
SupCON [6] +MaxLogit 77.8 87.86 / 77.06 71.73 / 64.71 78.7 75.17 / 65.74 63.73 / 56.42 66.7 82.55 / 77.71 59.64 / 57.04
SupCON [6] +PostMax 77.8 85.02 / 69.59 68.75 / 57.87 78.7 75.83 / 68.97 62.78 / 57.93 66.7 45.95 / 66.78 31.61 / 46.27
SupCON [6] +KNN 77.8 88.22 / 76.89 72.25 / 64.40 78.7 81.86 / 71.14 68.68 / 60.71 66.7 84.39 / 78.89 60.84 / 58.10
SupCON [6] +NNGuide 77.8 81.24 / 70.64 66.63 / 58.94 78.7 71.23 / 63.56 60.08 / 54.02 66.7 68.79 / 71.57 50.41 / 52.62
SupCON [6] +MSP 77.8 87.75 / 77.53 71.7 / 65.21 78.7 78.83 / 70.63 67.25 / 61.46 66.7 81.79 / 77.80 59.23 / 57.22
SupCON [6] +Energy 77.8 88.32 / 75.37 71.66 / 62.88 78.7 73.13 / 63.98 61.85 / 54.62 66.7 84.54 / 76.97 60.40 / 56.14
SupCON [6] +KL 77.8 88.33 / 75.36 71.66 / 62.87 78.7 73.14 / 63.99 61.85 / 54.63 66.7 84.52 / 76.97 60.39 / 56.14
SpHOR(w/o ROrtho) +MaxLogit 80.5 86.93 / 75.19 74.49 / 66.59 94.6 92.77 / 80.78 89.52 / 78.77 88.8 89.72 / 82.55 83.76 / 78.03
SpHOR +MaxLogit 82.7 87.47 / 77.52 76.72 / 70.02 94.4 93.01 / 81.08 89.60 / 78.97 88.3 89.67 / 81.46 83.41 / 76.93
SpHOR +MSP 82.5 84.12 / 76.35 73.70 / 68.3 94.4 92.21 / 80.32 89.32 / 78.52 88.3 89.03 / 81.73 82.97 / 77.25
SpHOR +Energy 82.7 75.93 / 67.57 64.27 / 57.59 94.4 84.30 / 77.90 80.89 / 74.85 88.3 88.28 / 80.25 81.25 / 75.27
SpHOR +KL 82.7 83.73 / 75.89 74.69 / 69.03 94.4 91.73 / 79.92 88.72 / 78.09 88.3 89.32 / 81.54 82.94 / 76.73
SpHOR +PostMax 82.7 87.30 / 76.76 76.54 / 69.19 94.4 92.78 / 80.59 89.43 / 78.52 88.3 89.89 / 79.25 83.64 / 74.86
SpHOR +NNGuide 82.7 83.33 / 77.82 72.82 / 68.94 94.4 91.54 / 80.84 88.41 / 78.75 88.3 86.33 / 80.28 81.15 / 76.15
SpHOR +KNN 82.7 84.96 / 77.77 75.38 / 70.29 94.4 91.80 / 80.94 88.89 / 79.12 88.3 88.98 / 80.55 82.67 / 76.09



Table 3. Benchmark A with different scoring rules.

Method SVHN CIF10 CIF+10 CIF+50 TIN
Openness% 22.5 22.5 46.5 72.7 68.3
SpHOR +Energy 98.6 92.7 98.3 97.3 84.1
SpHOR +NNguide 97.2 94.7 98.2 97.3 83.0
SpHOR +KL 98.7 94.9 98.3 97.3 83.7
SpHOR +KNN5 99.0 94.5 98.2 97.0 81.6
SpHOR +MSP 98.7 93.7 97.4 96.4 82.1
SpHOR +PostMax 93.1 85.5 91.3 88.8 79.3

Method DTACC ↑ AUROC ↑ AUIN ↑ AUOUT ↑
Easy Known: CIFAR10 Unknown: SVHN
SoftMax[3] 86.4 90.6 88.3 93.6
GCPL[22] 86.1 91.3 86.6 94.8
RPL[1] 87.1 92.0 89.6 95.1
ARPL[2] 91.6 96.6 94.8 98.0
CSI[16] 92.8 97.9 96.2 99.0
OpenGAN[7] 92.1 95.9 93.4 97.1
CSSR[5] 95.7 99.1 98.2 99.6
RCSSR[5] 95.7 99.1 98.3 99.6
MEDAF[20] 95.3 99.1 98.0 99.6
BackMix[20] 88.5 94.1 93.5 97.5

SpHOR 97.5 99.1 99.4 97.7
SpHOR (+ROrtho) 97.6 99.6 99.7 99.2

Hard Known: CIFAR10 Unknown: CIFAR100
SoftMax[3] 79.8 86.3 88.4 82.5
GCPL[22] 80.2 86.4 86.6 84.1
RPL[1] 80.6 87.1 88.8 83.8
ARPL[2] 83.4 90.3 91.1 88.4
CSI[16] 84.4 91.6 92.5 90.0
OpenGAN[7] 84.2 89.7 87.7 89.6
CSSR[5] 83.8 92.1 89.4 89.3
RCSSR[5] 85.3 92.3 92.9 91.0
MEDAF[20] 85.4 92.5 93.2 91.1
BackMix[20] 84.9 91.3 93.0 88.1

SpHOR 86.7 92.8 93.0 91.1
SpHOR (+ROrtho) 86.4 93.2 93.9 91.5

Table 4. Evaluation is conducted on the Legacy Benchmark
B [2], designed for OSR across different validation configura-
tions. Specifically, this includes scenarios where CIFAR-10 con-
stitutes known classes, and CIFAR-100 or SVHN represent un-
known classes. The results, employing a CNN-32 backbone[20]
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CUB SCars FGVC-Aircraft
Acc. AUROC OSCR Acc. AUROC OSCR Acc. AUROC OSCR

z/∥z∥2 91.1 90.13 / 80.12 84.5 / 76.21 96.5 92.58 / 80.99 90.6 / 79.72 90.6 91.53 / 81.08 86.78 / 77.64
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Table 5. Classifier performance on CUB, SCars, and FGVC-Aircraft using normalized vs. unnormalized features. OSR/AUROC shown as
Easy/Hard. The performance for Aircraft is what similar, although accuracy improves with normalized features. This suggests that the L2
norm carries valuable information about the model’s confidence.

CUB SCars FGVC-Aircraft
Acc. AUROC OSCR Acc. AUROC OSCR Acc. AUROC OSCR

Pretrained
SpHOR(No Mix/LS) 84.1 84.86 / 77.61 75.8 / 70.4 94.9 88.58 / 78.94 86.57 / 77.51 89.70 87.38 / 81.72 82.80 / 77.87

SpHOR(LS) 83.4 87.63 / 77.00 77.59 / 69.91 94.2 92.44 / 78.05 89.46 / 76.26 89.4 90.61 / 82.26 85.00 / 78.06
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Table 6. Ablation study on the effects of Label Smoothing (LS) and Mixup when applied to representation learning within the SpHOR
method (With MaxLogit Scoring rule). Results are averaged across three datasets from the SSB benchmark (SCARS, Aircraft, and CUB).
Closed-set Accuracy, AUROC, and OSCR are reported for both easy and hard splits.

Table 7. Ablation study reporting Angular Separability (AS)
and Norm Separability (NS) across SSB datasets under different
Mixup and Label Smoothing (LS) settings. For both pretrained
and non-pretrained cases.
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(a) Normalized (Mixup X LS X) (b) Raw (Mixup X LS X)

(c) Normalized (Mixup ✓LS X) (d) Raw (Mixup ✓LS X)

(e) Normalized (Mixup X LS ✓) (f) Raw (Mixup X LS ✓)

(g) Normalized (Mixup ✓LS ✓) (h) Raw (Mixup ✓LS ✓)

Figure 5. TSNE visualizations of normalized and raw features for different combinations of Mixup and Label Smoothing on the CUB
dataset.



(a) Aircraft (w/o ROrtho) (b) Aircraft

(c) Scars (w/o ROrtho) (d) Scars

(e) CUB (w/o ROrtho) (f) CUB

Figure 6. TSNE visualizations of features with and without orthogonality (w/o ROrtho)


