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Supplementary Material
For completeness, we include additional qualitative and
quantitative results in the Supplementary Material to further
validate our approach.

1. What is in this supplementary?
• We provide detailed information about the dataset and the

known/unknown class split used during training.
• We present an ablation study of the loss components used

in the prototype and reconstruction networks, using fea-
tures extracted from CLIP with a ResNet backbone.

• We evaluate the closed-set classification performance of
our method in comparison to existing baselines.

• We analyze the impact of different ViT backbones in
CLIP on open-set recognition (OSR) performance.

• We further examine how the size of the prototype network
and the reconstruction network affects performance.

• We provide results to evaluate performance of ViSTA-
RS with multi-modal features for PatternNet, NWPU-
RESISC45 and UC Merced dataset.

• We provide the results for performance of ViSTA-RS on
Hard Split of data for PatternNet, NWPU-RESISC45 and
UC Merced dataset.

• Analysis of caption quality across multiple generative
models.

• We visualize the distribution of weights learned by the
reconstruction network across all training datasets.

• Provide details on adapting ViSTA-RS to SAR dataset.
• We provide the algorithm for implementing ViSTA-RS.

1.1. Dataset Details
• MLRSNet [8] consists of 46 classes and a total of

109,161 images, with resolution ranging from 0.1 m to
10 m and image size of 256 × 256 pixels.

• PatternNet [17] includes 38 classes, each containing 800
images with a resolution 0.06 m to 4.7 m and size 256 ×
256 pixels

• NWPU-RESISC45 [2] has 45 classes, with each class
containing 700 images with resolution 0.2 m to 30 m with
size 256 × 256 pixels

• UC-Merced [15] includes 21 classes, each containing
100 images with a resolution of 0.3 m and size 256 × 256
pixels.

The known/unknown splits for open-set configuration dur-
ing training for all the datasets is provided in Table 1.

Datasets Known Unknown

CL Train/Test CU Train/Test

MLRSNet 25 35000 / 24599 21 - / 20162
NWPU-RESISC45 30 12000 / 9000 15 - / 10500

PatternNet 19 13300 / 1900 19 - / 1900
UC Merced 15 1200 / 300 6 - / 120

Table 1. Known/unknown splits for the OSR setting across all RS
datasets, showing the number of classes. (Train/Test) denotes the
number of training and testing samples in each split.

1.2. Evaluating performance using Resnet-CLIP
Given that many existing Open Set Recognition (OSR)
methods are built upon CNN-based backbones, we evalu-
ate the generality of our approach by implementing it with
a CLIP ResNet encoder. The quantitative results on the
MLRSNet dataset are presented in Table 2. To further ana-
lyze the learned feature representations, we provide a qual-
itative comparison using t-SNE visualizations (Figure 1).
These visualizations reveal two critical insights. First, the
clusters formed by the ViT backbone are substantially more
compact and well-separated than those from the ResNet
backbone, confirming the superior feature discriminability
of the Transformer-based architecture. Second, the visu-
alizations demonstrate that training the prototype network
with InfoNCE (LInfoNCE) loss yields significantly tighter
intra-class clusters compared to contrastive loss (LCon).

1.3. Closed set classification performance
In accordance with the OSR performance we report the
Macro-F1 score for closed set classification of our model.
Results in Table 3 shows that ViSTA-RS consistently per-

1



Backbone MM fθ gϕ AUROC DTACCLCon LInfoNCE LMSE LCS

ResNet

× ✓ × ✓ × 0.6291 0.6240
× ✓ × × ✓ 0.6804 0.6718
× × ✓ ✓ × 0.7418 0.7294
× × ✓ × ✓ 0.7855 0.7817
✓ ✓ × ✓ × 0.7677 0.7075
✓ ✓ × × ✓ 0.7747 0.7132
✓ × ✓ ✓ × 0.8343 0.7704
✓ × ✓ × ✓ 0.8349 0.7707

Table 2. Ablation study of VISTA-RS with varying loss func-
tions and a ResNet backbone for CLIP’s image encoder. Here,
MM,LCon, LInfoNCE , LMSE , and LCS represent multimodal
features, contrastive loss, InfoNCE loss, mean squared error loss,
and cosine similarity loss, respectively.

Method
Dataset

MLRSNet PatternNet

PROSER [16] 0.6781 0.6524

CVAECAP [4] 0.6882 0.6953

ARPL [1] 0.6940 0.7290

DIAS [7] 0.7071 0.7965

ConOSR [14] 0.7177 0.7772

MEDAF [12] 0.7468 0.7686

ViSTA-RS 0.7736 0.8443

Table 3. F1 scores for closed set classification of ViSTA-RS com-
pared to different baselines.

forms better than other methods in classifying closed set
samples.

1.4. Evaluating different ViT backbone on CLIP
To investigate the impact of model scale on feature rep-
resentation, we extended our analysis from the ViT-B/32
CLIP backbone to include larger variants such as ViT-B/16
and ViT-Large. The results on the MLRSNet dataset, pre-
sented in Table 4, demonstrate a clear correlation between
increased backbone capacity and improved performance.

CLIP Backbone AUROC AUIN AUOUT

ViT-B/16 0.8336 0.8297 0.7680

ViT-B/32 0.8632 0.8755 0.7872

ViT-Large 0.8875 0.8928 0.8069

Table 4. Performance on various ViT backbone for CLIP on
MLRSNet.

1.5. Evaluating performance of Prototype and Re-
construction network

The class prototype network (fθ) and the reconstruction net-
work (gϕ) serve as adapter modules responsible for learn-
ing clusters and reconstructing image embeddings, respec-
tively. We evaluate the impact of capacity of these networks
and report the corresponding performance metrics on the
MLRSNet dataset in Table 5.

fθ gϕ AUROC AUIN AUOUT

1
1 0.6438 0.6172 0.5682
2 0.7349 0.6718 0.6879
3 0.7231 0.6678 0.6610

2
1 0.8018 0.7849 0.7463
2 0.8382 0.8931 0.7688
3 0.8559 0.8933 0.7795

3
1 0.8284 0.8678 0.7799
2 0.8609 0.8945 0.7828
3 0.8632 0.8960 0.7904

Table 5. Performance across varying network capacity (number of
layers) in Class Prototype Network and Reconstruction Network.

1.6. Effectiveness of Multimodal features
To disentangle the contributions of multimodal informa-
tion from those of model size, we compare our approach
with a capacity-matched, vision-only network in Table-6.
Our evaluation on the PatternNet, NWPU-RESISC45, and
UC Merced datasets confirms that the performance gains
stem from the semantic richness of the added modality, not
merely from an increase in network parameters.

1.7. OSR Performance on Hard Split of known and
unknown classes

We show the performance of ViSTA-RS on Hard split
of Known and Unknown classes for PatternNet, NWPU-
RESISC45 and UC Merced dataset in Table-7. In Figure-
2 we show the captions generated for known and unknown
classes for hard split of data on the MLRSNet dataset. The
details of known and unknown classes in the hard split for
each dataset are provided in Table 8.

1.8. Evaluating Caption Quality
In Figure 5, we present captions generated by both BLIP [6]
and GIT[11] alongside the predefined set of descriptions
for MLRSNet dataset used for performance evaluation
across different caption sources. The figure illustrates that
BLIP consistently produces descriptive and accurate cap-
tions, whereas GIT occasionally generates incorrect de-
scriptions—for example, it mislabels the class ”Freeway”



Model Feature Type Dimension PatternNet NWPU-RESISC45 UC Merced

AUROC DTACC AUROC DTACC AUROC DTACC

Visual-only visual 512 0.8612 0.8296 0.8264 0.7967 0.8612 0.8575
Capacity matched visual + random 1024 0.8711 0.8312 0.8356 0.8089 0.8634 0.8667

ViSTA-RS visual + text 1024 0.9524 0.9086 0.9121 0.9034 0.9330 0.9121

Table 6. Ablation Study on the Contribution of Multimodal Features on PatternNet, NWPU-RESISC45 and UC Merced Datasets.
VISTA-RS significantly outperforms both the visual-only and capacity-matched control models, demonstrating that the performance gain
is due to the semantic richness of the text, not just the increased model capacity.

Method MM PatternNet NWPU-RESISC45 UC Merced

AUROC DTACC AUROC DTACC AUROC DTACC

ConOSR [14] × 0.8269 0.8123 0.8064 0.7990 0.8112 0.8066
MEDAF [12] × 0.8611 0.8412 0.8186 0.8289 0.8557 0.8385
CLIPN [10] ✓ 0.9044 0.8901 0.8562 0.8431 0.8977 0.8702

CLIPScope [3] ✓ 0.9124 0.8824 0.8657 0.8534 0.9162 0.8873
ViSTA-RS (unimodal) × 0.8967 0.8744 0.8467 0.8408 0.8826 0.8678

ViSTA-RS ✓ 0.9388 0.9086 0.8922 0.8934 0.9287 0.9006

Table 7. Performance on Hard-Split Classes: The substantial performance gap between VISTA-RS and other methods demonstrates that
the multimodal framework effectively resolves visual ambiguity by leveraging semantic context.

as ”the bridge over the road”. Such inaccuracies in GIT-
generated captions lead to a noticeable decline in perfor-
mance, an issue that does not arise when using captions
from BLIP.

1.9. Visualising the Reconstruction weights
To better understand the weights assigned to prototypes for
known and unknown samples, we visualize the Probability
Distribution Function (PDF) of the reconstruction weights
for both categories. Our reconstruction network is expected
to map known class images closely to their respective class
prototypes while struggling to do so for unknown class im-
ages, enabling effective rejection. Accordingly, weights
for known classes should be high for their corresponding
prototypes and low for others, whereas weights for un-
known classes should be more uniformly distributed across
prototypes. Figure 4 illustrates these distributions on the
MLRSNet dataset, showing that known classes exhibit con-
centrated high weights on their correct prototypes, while
unknown classes assign higher weights to multiple proto-
types, confirming our hypothesis. Additionally, Figure 3
presents Weibull plots for all the four datasets that help de-
termine suitable rejection threshold.

1.10. Adapting ViSTA-RS to SAR Imagery
To generate SAR-aware feature extractors, we specifically
fine-tuned BLIP [6] and CLIP [9] using LoRA [5]. Fol-
lowing the methodology from the SARLANG-1M [13]
paper, the fine-tuning protocol used a LoRA rank of 8.
This adaptation was performed on the training split of the

SARLANG-1M-Cap benchmark. For the OSR protocol
on the MSTAR dataset, the 10 MSTAR vehicle classes
were partitioned into six known classes (2S1, BRDM-2,
BTR-70, BMP-2, D7, T-72) and four unknown classes
(BTR-60, T-62, ZIL-131, ZSU-23-4).

1.11. Training Procedure:
ViSTA-RS presents a highly robust and flexible framework
that can be seamlessly integrated with a wide variety of
backbone architectures, enabling broad applicability across
diverse remote sensing tasks. Its modular design facilitates
effortless adaptation without compromising performance.
To elucidate the practical implementation of ViSTA-RS, we
provide comprehensive pseudo-code that details the training
procedure in algorithm 1.



Figure 1. Comparison of t-SNE visualizations of visual and multimodal (visual + text) prototypes obtained from: (i) zero-shot CLIP, (ii)
training with LCon loss, and (iii) training with LInfoNCE loss for both ViT CLIP and ResNet CLIP.



Hard Split - Known Classes

there is a map of a golf
course with a lake on the

side

aerial view of a rotary
intersection in a big city

this is an image of a
crater in the middle of a

lake

an aerial view of multiple
basketball courts side by

side

Class- Lake Class- Roundabout Class- Basketball Court Class- Golf Course

Hard Split - Unknown Classes

an aerial view of two
tennis courts in a

parking lot

an aerial view of a street
intersection with cars

and buildings

an aerial view of a river
running through a lush

green field

an aerial view of a farm
with houses on the

side of the field

Class- River Class- Intersection Class- Tennis Court Class- Meadow

Figure 2. Qualitative examples of captions generated for known and unknown classes on the MLRSNet Hard split. The captions provide
crucial semantic cues that mitigate the challenge of high inter-class similarity, enabling effective differentiation between known and un-
known categories.



Figure 3. (Left) Distributions of prototype weights for known (closed set) and unknown (open set) classes, showing a clear separation
between the two. (Right) Visualization of the Weibull distribution fitted to the reconstruction losses of known training data, which is used
to automatically determine the rejection threshold (dashed line) for identifying unknowns.
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