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In our supplementary material, we present the following
sections in support of the main paper. We first provide
qualitative examples showing GCDformer’s ability to op-
timize the GCD latent spaces for k-means clustering in Sec-
tion 1. We then provide further details on the setup for Om-
niGCD’s zero-shot GCD experiments in Section 2. Next,
in Section 3, we report ablation results for training GCD-
former with higher data dimensionality than the 2D ver-
sion used for the main results. In Section 4, we present
results using additional encoders for the vision modality,
specifically MobileNetV3 [2] and DINOv3 [10]. We also
include standard deviation reporting for the results in Ta-
ble 4 of the main paper in Section 5. Additionally, we
provide a more detailed analysis of OmniGCD performance
by inspecting the contributions of the dimension reduction
method and GCDformer. Section 6 contains fine-tuning re-
sults for the datasets not presented in Table 5 of the main
paper. Lastly, Section 7 contains additional results compar-
ing OmniGCD performance across the considered dimen-
sion reduction methods.

1. GCDFormer Optimization of GCD Latent
Spaces

The GCDformer in OmniGCD is trained exclusively on
synthetic data to optimize the GCD latent space for cluster-
ing. In Figure 1, we present qualitative examples illustrating
OmniGCD’s ability to enhance GCD latent spaces. These
examples comprise randomly selected synthetic GCD latent
spaces from GCDformer’s training. Overall, these visual-
izations demonstrate GCDformer’s ability to optimize the
input GCD latent spaces for improved clustering. More-
over, they highlight the adaptability of GCDformer. For in-
stance, in latent spaces with already well-separated clusters,
GCDformer tightens the clusters while preserving separa-
tion. In contrast, for spaces featuring many overlapping
tight clusters, it increases inter-cluster separation. In all
cases, GCDformer relies solely on labels from a random
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subset of points to guide the optimization.

2. Details regarding OmniGCDs Zero-shot
setup

In this section, we provide additional details on the sizes of
the labeled and unlabeled datasets used by OmniGCD for
the main results in Table 4 of the main paper. As noted, at
test time, OmniGCD’s input comprises both the labeled and
unlabeled subsets. In the zero-shot GCD setting, the labeled
subset is constructed from training-split samples belonging
to the labeled classes, while the unlabeled subset is the test
set. During experimentation, we observed that OmniGCD’s
test-set performance varies slightly with the number of la-
beled samples per class drawn from the training data. For
example, this variation is typically less than one percent-
age point in All, Old, and New accuracy for ±5 samples
per class. Given this variation, we performed hyperparam-
eter sweeps to identify the optimal number of labeled sam-
ples per class for each dataset and encoder. These optimal
values, used for all reported results, are listed in Table 1.
We encourage future work to further examine the impact of
the number of labeled samples per class, as a key desirable
trait of a modality-agnostic GCD method is improved per-
formance with additional samples per class.

3. OmniGCD Dimension Ablations

In the main paper, we chose 2D data for GCDformer train-
ing, as low dimensionality ensures tractability in generating
training data. In this section, we present ablations on train-
ing with higher-dimensional data (specifically, 32, 64, and
128 dimensions). Due to the O(N2k) time complexity of
t-SNE [3]—where N is the number of data points and k
the number of dimensions—we conduct only limited abla-
tions on the vision modality using DINOv1 [1]. The results
in Table 2 show that OmniGCD’s overall performance de-
grades as the input dimensionality increases. This validates
our design choice of 2D data for GCDformer.
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Figure 1. Qualitative examples of GCDformers ability to optimize the GCD latent spaces for k-means clustering. We show 10 examples
of initial (left for each example) and opitmized GCD latent spaces (right for each example). These examples are randomly selected from
GCDformers training. In these figures, circular points (◦) represent data belonging to the labeled subset DL, while data belonging to the
unknown subnet DU is represented by a plus sign ( )



Dataset Encoder Labeled Data per Class Total Labeled Data Total Unlabeled Data

4 CIFAR10 DINOv1 90 450 10,000
DINOv2 90 450 10,000

4 CIFAR100 DINOv1 150 12,000 10,000
DINOv2 30 2,400 10,000

4 IN100 DINOv1 20 1,000 5,000
DINOv2 10 500 5,000

4 CUB-200 DINOv1 25 2,500 5,794
DINOv2 25 2,500 5,794

4 SCars DINOv1 45 3,988 8,041
DINOv2 35 3,390 8,041

4 Aircraft DINOv1 20 1,000 3,333
DINOv2 15 750 3,333

4 Herb-19 DINOv1 5 1,705 2,697
DINOv2 20 6,506 2,697

A BANKING e5-Large 80 2,967 3,080
A StackOverflow e5-Large 40 400 1,000
A CLINIC e5-Large 10 750 3,000

?VocalSet MERT-95M 60 478 2,285
?UrbanSound MERT-95M 60 300 4,366

ÔEuroSAT DOFA-B 50 250 5,400
ÔSo2SAT DOFA-B 20 140 4,838
ÔRESIC45 DOFA-B 80 1,200 6,300
ÔUC Merced DOFA-B 50 446 420

Table 1. Number of labeled data per class, total labeled data and
total unlabeled data used for optimal results of our GCD Trans-
former. These ratios were used for results presented in Table 4 of
the main paper.

4. Additional Vision Encoders Ablations

Here, we present results using two additional pretrained vi-
sion encoders: MobileNetV3 [2] and DINOv3 [10]. These
results are not merely to demonstrate that OmniGCD works
with additional encoders, as the main results with multi-
modal encoders already establish this, but serve two spe-
cific purposes: (1) MobileNetV3 is a lightweight encoder
suitable for edge devices, and we aim to demonstrate Om-
niGCD’s performance with such an encoder; (2) DINOv3
is the most recent and highest-performing encoder in the
DINO family, and we provide these results for future GCD
studies that will likely adopt this encoder. As shown in Ta-
ble 3, with MobileNetV3, OmniGCD achieves the best All
accuracy on 5 of the 7 datasets, the best Old accuracy on 4
of the 7 datasets, and the best New accuracy on 3 of the 7
datasets. With DINOv3, it achieves the best All accuracy on
all 7 datasets, the best Old accuracy on 3 of the 7 datasets,
and the best New accuracy on 3 of the 7 datasets.

5. Further analysis of OmniGCD Zero-shot
GCD performance

In this section, we provide a more granular analysis of Om-
niGCD’s performance, along with standard deviations for
the main results in Table 4 of the main paper. These results
are presented in Table 5. For the granular analysis, we com-
pare the individual contributions of t-SNE dimensionality
reduction and GCDformer. Using neither component yields
k-means clustering directly on the feature vectors, while us-
ing both yields the full OmniGCD method. We omit the
variant using GCDformer without t-SNE, as it would re-
quire training separate GCDformer models per modality.

Overall, combining t-SNE and GCDformer improves clus-
tering performance over t-SNE alone in 80% of measured
metrics across all datasets. The sole exception is New accu-
racy on the Aircraft [6] dataset with DINOv2 [8], where the
combination worsens performance. In 5 instances, GCD-
former fails to further improve clustering over t-SNE alone,
and in 6 instances, it degrades performance. Notably, we
observe the counterintuitive yet consistent improvements in
GCD performance from t-SNE alone, despite the informa-
tion loss from reducing feature vectors to 2D. We would
expect such dimensionality reduction to impair clustering,
but it does not. This suggests that dimensionality reduc-
tion is a valuable tool for GCD methods. It represents an
intriguing discovery, hinting at an unintentional alignment
between dimensionality reduction and GCD tasks. We en-
courage future work to explore this further, as exploiting
such alignment could enhance GCD performance in subse-
quent methods.



4 CIFAR-10 4 CIFAR-100 4 ImageNet-100 4 CUB-200 4 Stanford Cars 4 Aircraft 4 Herbarium-19
Num Dimensions All Old New All Old New All Old New All Old New All Old New All Old New All Old New

2 90.7 97.0 91.6 60.0 89.9 74.6 81.1 91.0 74.8 44.5 66.0 33.9 12.6 19.6 16.9 18.9 14.3 13.9 30.8 48.6 50.0
32 87.2 94.6 91.0 58.5 70.8 73.8 78.5 90.0 74.2 35.9 58.0 45.4 12.6 13.7 16.3 13.2 9.0 10.3 26.8 37.1 45.0
64 51.7 67.6 27.9 56.9 71.5 69.4 61.8 78.0 46.4 28.9 43.3 26.8 12.3 12.8 14.9 12.9 13.1 7.9 27.2 42.9 50.0

128 74.7 95.8 91.7 39.7 82.1 57.1 65.1 86.0 43.8 23.9 54.0 45.1 8.1 4.8 6.1 12.3 11.3 9.1 22.8 42.9 50.0

Table 2. Ablation of zero-shot GCD performance for OmniGCD using the DINOv1 (ViT-B/16) [1] vision encoder. Features from DINOv1
are projected to varying t-SNE embedding dimensions (2, 32, 64, 128) across the vision modality datasets. We bold the best results for
each comparison.

4 CIFAR-10 4 CIFAR-100 4 ImageNet-100 4 CUB-200 4 Stanford Cars 4 Aircraft 4 Herbarium-19
All Old New All Old New All Old New All Old New All Old New All Old New All Old New

MobileNetV3
K-means 66.4 74.7 71.0 35.6 16.5 41.2 69.5 59.9 64.7 45.5 34.5 45.2 14.2 34.9 8.8 15.3 14.8 16.2 25.8 12.9 18.3
GCD (w/o FT) 71.2 89.0 82.0 48.4 48.5 26.5 56.6 46.0 76.0 44.4 50.0 38.3 17.8 64.4 11.9 16.9 6.0 19.7 26.4 14.3 11.1
OmniGCD 77.5 72.5 70.6 40.2 23.5 44.0 77.1 61.0 84.0 54.2 53.0 53.7 16.4 23.0 7.4 17.2 15.8 18.8 28.3 14.3 16.7

DINOv3 K-means 86.1 67.5 95.6 66.6 49.7 96.3 78.2 27.8 83.8 71.3 76.7 58.8 58.0 60.6 72.6 39.0 38.8 59.0 30.2 34.9 32.3
GCD (w/o FT) 80.5 76.6 95.5 70.6 72.5 97.0 67.0 36.0 88.0 63.6 95.0 29.9 56.4 45.0 46.7 36.5 41.8 62.7 33.5 33.3 50.0
OmniGCD 97.2 95.1 98.8 74.7 40.1 93.4 88.2 38.0 85.0 79.3 84.7 86.7 68.1 83.0 89.1 44.0 36.1 59.7 36.0 33.3 25.0

Table 3. Additional Zero-shot GCD results for the vision modality using the MobileNetV3 (MBV3-Large) [2] and DINOv3 (ViT-B/16) [10]
encoders. We bold the best results for each comparison.

4 CIFAR-10 4 CIFAR-100 4 ImageNet-100 4 CUB-200 4 Stanford Cars 4 Aircraft 4 Herbarium-19
All Old New All Old New All Old New All Old New All Old New All Old New All Old New

GCD 81.8 86.2 76.9 69.0 77.4 62.0 73.5 92.6 63.9 51.3 56.6 48.7 39.0 57.6 29.9 45.0 41.1 46.9 35.4 51.0 27.0
OmniGCD (w/o FT) 90.7 97.0 91.6 60.0 89.9 74.6 81.1 91.0 74.8 44.5 66.0 33.9 12.6 19.6 16.9 18.9 14.3 13.9 30.8 48.6 50.0

OmniGCD (w FT) 96.1 96.2 96.1 71.7 76.8 66.0 76.2 91.6 94.8 59.8 71.0 90.6 49.1 63.7 48.1 47.5 71.21 59.4 34.4 79.2 39.6

Table 4. Results on the standard GCD setting compared to the original GCD method which fine-tunes its encoder [13]. We fine-tune the
vision encoder using the same way as the original GCD method [13]. We bold the best results for each comparison.
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E 4 CIFAR-10 4 CIFAR-100 4 ImageNet-100 4 CUB-200 4 Stanford Cars 4 Aircraft 4 Herbarium-19
All Old New All Old New All Old New All Old New All Old New All Old New All Old New

D
v1

[1
]

p p 77.8 ± 6.6 88.1 ± 2.2 60.3 ± 38.6 52.5 ± 0.6 68.9 ± 12.1 66.3 ± 5.8 73.5 ± 1.3 87.6 ± 2.5 69.9 ± 17.4 35.8 ± 1.0 54.7 ± 9.3 39.8 ± 9.4 10.7 ± 0.2 14.5 ± 2.5 15.9 ± 1.7 14.8 ± 0.7 10.9 ± 4.6 10.8 ± 5.2 24.9 ± 0.4 42.9 ± 10.7 22.5 ± 11.5
✓ p 83.6 ± 6.3 91.5 ± 10.1 85.6 ± 13.1 57.7 ± 0.8 79.1 ± 8.4 74.5 ± 2.9 78.4 ± 1.2 89.8 ± 2.4 74.8 ± 0.4 44.2 ± 0.5 64.0 ± 3.3 38.6 ± 5.6 12.6 ± 0.1 10.8 ± 2.8 13.0 ± 0.5 18.2 ± 0.2 11.3 ± 1.5 17.6 ± 7.2 30.2 ± 0.2 42.9 ± 0.0 40.0 ± 12.2
✓ ✓ 90.7 ± 3.9 97.0 ± 3.1 91.6 ± 0.4 60.0 ± 0.8 89.9 ± 7.4 74.6 ± 16.9 81.1 ± 1.5 91.0 ± 0.0 74.8 ± 0.5 44.5 ± 1.5 66.0 ± 2.7 33.9 ± 6.6 12.6 ± 0.2 19.6 ± 13.6 16.9 ± 3.6 18.9 ± 0.8 14.3 ± 3.3 13.9 ± 6.4 30.8 ± 0.2 48.6 ± 5.7 50.0 ± 0.0

D
v2

[8
]

p p 82.1 ± 8.5 62.6 ± 25.4 95.0 ± 4.3 69.1 ± 1.8 44.2 ± 20.4 51.3 ± 6.4 79.9 ± 1.3 87.7 ± 1.7 78.4 ± 0.7 70.3 ± 0.9 95.8 ± 4.9 75.4 ± 27.3 ± 0.6 16.8 ± 6.7 28.7 ± 3.8 19.6 ± 0.3 12.7 ± 4.9 22.5 ± 3.9 29.0 ± 0.5 40.8 ± 5.1 23.2 ± 3.3
✓ p 89.9 ± 4.6 93.3 ± 8.6 91.0 ± 7.8 75.2 ± 0.7 48.5 ± 8.6 47.0 ± 8.0 86.8 ± 1.3 84.4 ± 18.2 90.0 ± 0.0 77.5 ± 0.3 99.3 ± 1.3 79.29 ± 21.0 33.3 ± 0.4 23.2 ± 3.4 38.4 ± 6.7 21.2 ± 0.2 15.8 ± 1.2 18.2 ± 6.9 33.5 ± 0.2 60.0 ± 3.1 35.5 ± 4.1
✓ ✓ 96.9 ± 3.5 96.9 ± 0.7 95.6 ± 0.4 78.1 ± 1.3 47.9 ± 4.5 56.8 ± 9.6 88.7 ± 0.4 94.0 ± 0.0 90.0 ± 0.0 79.8 ± 0.9 100.0 ± 0.0 96.4 ± 0.0 33.4 ± 0.6 24.2 ± 2.8 43.1 ± 1.1 21.2 ± 0.1 17.0 ± 2.2 11.6 ± 7.4 34.8 ± 0.5 60.0 ± 1.5 25.8 ± 9.7

A BANKING A StackOverflow A CLINIC ? VocalSet ? UrbanSound Ô EuroSAT Ô So2SAT
All Old New All Old New All Old New All Old New All Old New All Old New All Old New

p p 57.7 ± 1.5 64.4 ± 14.3 43.4 ± 8.2 72.9 ± 3.7 68.3 ± 11.8 45.2 ± 9.3 69.5 ± 1.6 85.0 ± 13.4 81.7 ± 16.0 22.1 ± 1.5 15.0 ± 2.7 25.0 ± 6.0 39.3 ± 2.0 37.6 ± 10.6 37.7 ± 11.7 53.2 ± 2.4 38.4 ± 6.2 62.4 ± 7.1 27.3 ± 1.1 32.5 ± 2.3 65.1 ± 1.1
✓ p 65.2 ± 1.2 41.3 ± 6.0 51.1 ± 10.0 84.8 ± 3.1 90.2 ± 6.6 85.4 ± 5.4 81.4 ± 0.8 85.0 ± 6.4 72.7 ± 11.3 22.1 ± 1.3 14.7 ± 1.3 32.7 ± 7.0 44.8 ± 2.4 53.8 ± 5.8 52.5 ± 10.3 66.0 ± 2.5 71.1 ± 2.3 61.0 ± 14.5 31.1 ± 1.8 39.5 ± 3.6 48.2 ± 5.9
✓ ✓ 66.4 ± 2.2 77.1 ± 34.8 40.8 ± 17.8 86.8 ± 2.0 78.0 ± 15.2 73.8 ± 12.3 82.1 ± 1.6 96.0 ± 5.6 90.0 ± 12.1 25.6 ± 2.3 17.5 ± 4.7 49.2 ± 5.8 45.5 ± 1.0 56.7 ± 9.7 63.9 ± 5.3 68.3 ± 6.3 75.5 ± 0.8 69.5 ± 19.0 31.7 ± 0.5 38.4 ± 2.8 58.4 ± 2.9

Ô RESIC45 Ô UC Merced
All Old New All Old New

p p 42.8 ± 2.2 37.1 ± 7.7 60.8 ± 8.6 63.6 ± 3.0 50.6 ± 10.4 70.8 ± 12.9
✓ p 55.6 ± 2.5 60.4 ± 19.4 71.3 ± 7.7 64.1 ± 4.6 52.4 ± 12.7 74.1 ± 12.2
✓ ✓ 58.5 ± 0.9 73.0 ± 13.4 74.4 ± 1.0 75.8 ± 4.8 67.7 ± 14.7 95.7 ± 0.4

Table 5. Results comparing the individual contributions of the t-SNE [12] dimension reduction method and GCDformer for optimizing the GCD latent spaces. The use of each
component is denoted as a ✓ if it is used or a p if it is not used. We also report the standard deviation for these results. The usage of both t-SNE and GCDformer is the full
OmniGCD method, as such these results are the same as Table 4 of the main paper. We bold the best results for each comparison.

4 CIFAR-10 4 CIFAR-100 4 ImageNet-100 4 CUB-200 4 Stanford Car 4 Aircraft 4 Herbarium-19
All Old New All Old New All Old New All Old New All Old New All Old New All Old New

D
IN

O
v1

[1
]

PCA 47.2 66.6 45.3 10.7 13.2 10.5 16.6 9.4 4.8 10.6 11.3 20.3 5.9 5.5 5.8 9.4 7.8 5.8 25.9 28.6 45.0
UMAP 91.4 96.4 94.0 57.6 82.6 74.3 77.2 89.0 77.0 41.3 60.0 25.1 10.4 5.5 11.9 16.2 11.9 11.2 27.7 31.4 45.0
t-SNE 90.7 97.0 91.6 60.0 89.9 74.6 81.1 91.0 74.8 44.5 66.0 33.9 12.6 19.6 16.9 18.9 14.3 13.9 30.8 48.6 50.0

D
IN

O
v2

[8
]

PCA 70.3 64.5 84.0 12.7 9.0 2.1 20.6 7.8 6.8 16.9 27.7 12.1 13.1 21.2 16.7 16.0 22.7 12.2 26.1 13.9 9.7
UMAP 97.1 98.0 79.1 73.1 52.8 62.4 84.8 97.0 91.0 76.7 100.0 98.2 30.1 24.4 43.0 18.1 12.7 3.9 30.9 41.5 15.5
t-SNE 96.9 96.9 95.6 78.1 47.9 56.8 88.7 94.0 90.0 79.8 100.0 96.4 33.4 24.2 43.1 21.2 17.0 11.6 34.8 60.0 25.8

A BANKING A StackOverflow A CLINIC ? VocalSet ? UrbanSound Ô EuroSAT Ô So2SAT [15]
All Old New All Old New All Old New All Old New All Old New All Old New All Old New

PCA 17.5 16.0 25.6 35.3 34.8 43.2 13.8 8.7 11.0 19.8 14.2 29.3 32.3 36.8 44.6 37.7 46.5 56.6 26.3 28.0 61.1
UMAP 65.4 86.0 22.8 87.6 75.0 74.2 82.9 45.2 68.1 21.1 14.4 29.4 41.2 21.8 52.6 55.1 68.7 46.7 30.8 31.5 37.9
t-SNE 66.4 77.1 40.8 86.8 78.0 73.8 82.1 96.0 90.0 25.6 17.5 49.2 45.5 56.7 63.9 68.3 75.5 69.5 31.7 38.4 58.4

Ô RESIC45 Ô UC Merced
All Old New All Old New

PCA 15.7 16.8 30.8 37.1 55.9 40.0
UMAP 56.1 67.8 69.3 73.0 76.5 74.5
t-SNE 58.5 73.0 74.4 75.8 67.7 95.7

Table 6. Comparing OmniGCDs performance using PCA [9], UMAP [7] and t-SNE [12] across all datasets and modalities. t-SNE achieves the best performance overall. We bold
the best results for each comparison.



6. Additional Results for Vision Encoder Fine-
tuning

Here, we provide additional results for Table 5 in the main
paper, focusing on OmniGCD’s performance with a fine-
tuned DINOv1 [1] encoder. As noted in the main paper,
this vision encoder was fine-tuned using GCD’s [13] su-
pervised and self-supervised contrastive training methods.
The results in Table 4 show that fine-tuning significantly
improves performance on datasets where the base DINOv1
encoder performs poorly (CUB-200 [14], Stanford Cars [4],
and Aircraft [6]). However, these gains are not consistent
across all datasets. While All accuracy improves on CIFAR-
10 [5], CIFAR-100 [5], and Herbarium-19 [11], fine-tuning
yields lower All accuracy on ImageNet-100. Although,
for ImageNet-100, it does improve Old and New accuracy.
Overall, these findings indicate that fine-tuning may be nec-
essary when encoders fail to accurately encode the target
data; future methods should explore how to best integrate
the benefits of fine-tuning with modality-agnostic GCD.

7. Dimension Reduction Options: Additional
Results

In this section, we provide additional results for Table 8 in
the main paper, comparing OmniGCD’s performance across
PCA [9], UMAP [7], and t-SNE [12] as dimensionality re-
duction methods. The results in Table 6 show that t-SNE
yields the best performance on 54 of the 69 metrics mea-
sured across all datasets and modalities. Notably, UMAP
ranks second, with PCA performing significantly worse
overall. These results further validate our choice of t-SNE
for OmniGCD.
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