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Abstract

SAR-EO paired data provide complementary supervision
for multi-modal remote sensing foundation models. How-
ever, simply aggregating SAR-EO pairs from multiple
sources can introduce semantic redundancy and weakly
aligned cross-modal pairs. To address these issues, we pro-
pose SEORation, a two-stage pipeline for curating SAR-EO
pairs. SEORation first performs remote-sensing-aware se-
mantic deduplication using RemoteCLIP embeddings, and
then prioritizes pairs with stronger scene-level compatibil-
ity through our proposed RSLIP score filtering. In this work,
we release OpenSEP (Open SAR-EO Pairs), a 4.9M-pair
multi-source SAR-EO data pool, and OpenSEP-1.7M, a cu-
rated subset selected from this pool according to retrieval
performance on the OpenSEP validation split. We also pro-
vide empirical validation of SEORation through curation
and retrieval experiments, demonstrating that the proposed
pipeline improves SAR-EO pair selection for multi-modal
pretraining. On QXS-SAROPT, external evaluation further
shows that the RSLIP model trained on OpenSEP-1.7M im-
proves the aggregate retrieval score from 445.10 to 510.06
compared with the raw candidate pool. These results high-
light the importance of paired-data curation for reliable
cross-modal alignment in SAR-EO multi-modal pretraining.

1. Introduction

In remote sensing, EO (Electro-Optical) and SAR (Syn-
thetic Aperture Radar) images provide complementary ob-
servations of the Earth. EO imagery captures rich visual and
spectral characteristics of a scene, whereas SAR imagery
provides active microwave observations that are relatively
robust to illumination and weather conditions [10, 20].
Since the two modalities respond to different physical prop-
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erties, their paired observations can provide complemen-
tary cues for scene understanding and representation learn-
ing. Recent multi-modal remote sensing models have there-
fore leveraged the complementarity of SAR-EO through
cross-modal alignment, reconstruction, and temporal mod-
eling [7, 11].

As remote sensing models scale toward foundation mod-
els, the role of data becomes increasingly central. Large-
scale multi-modal pretraining depends not only on model
architecture or training objectives, but also on the construc-
tion of the pretraining corpus itself [8]. Despite this impor-
tance, SAR-EO pretraining studies have largely treated the
paired corpus as a fixed input to the model [16]. In practice,
existing corpora are often simply constructed by aggregat-
ing available data sources to increase scale and coverage.
However, such aggregation is not a neutral operation: each
source reflects its own collection objective and acquisition
setting, and naively merging them can over-represent cer-
tain sample distributions while introducing SAR-EO pairs
with uneven cross-modal correspondence. In this work, we
address these issues by analyzing SAR-EO paired data cu-
ration along two axes: sample-level semantic redundancy
and pair-level consistency.

At the sample-level, redundancy arises from the way
remote sensing corpora are constructed. Remote sensing
datasets are often derived from large scenes, tiles, and patch
archives [5, 23]. When such sources are cropped, sampled,
or merged, spatially adjacent areas, overlapping coverage,
and homogeneous land-cover patterns can produce many
samples with highly similar semantics [9, 15]. This ef-
fect is particularly pronounced in broad ocean, cropland,
grassland, and forest regions, where distinct patches may
provide limited additional information in the representation
space. In a merged SAR-EO corpus, such redundancy can
over-represent certain sample distributions, increase train-
ing cost, and reduce the effective diversity of the pretraining
data. We therefore aim to reduce excessive semantic redun-
dancy while preserving useful diversity in SAR-EO paired
data.
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Figure 1. Overview of SEORation. Starting from OpenSEP, a raw SAR-EO candidate pool, SEORation first reduces sample-level
semantic redundancy through SemDeDup filtering. It then applies RSLIP score filtering to prioritize SAR-EO pairs with stronger pair-
level compatibility. The retained pairs form OpenSEP-1.7M, the final curated subset for SAR-EO multi-modal pretraining.

At the pair-level, geospatial co-location alone does not
ensure reliable correspondence. A SAR-EO pair can
serve as useful cross-modal supervision only when the
two observations convey compatible scene content. How-
ever, modality-induced differences, such as radiometric
discrepancies, geometric distortions, and residual registra-
tion errors, as well as acquisition-induced factors, such as
acquisition-time gaps, surface changes, cloud contamina-
tion, and preprocessing mismatches, can undermine this
condition [32]. When such imperfect correspondences
are treated as positive pairs, they may provide misleading
supervision, analogous to noisy correspondence in cross-
modal matching [13]. We therefore examine pair-level con-
sistency as a criterion for reliable SAR-EO supervision.

Based on this sample-level and pair-level curation view,
we propose SEORation, a two-stage pipeline for curating
SAR-EO paired data. The first stage applies semantic dedu-
plication to reduce excessive redundancy while preserving
SAR-EO pair structure. The second stage performs RSLIP
score filtering to estimate semantic consistency between
the two modalities. We further release OpenSEP (Open
SAR-EO Pairs), a 4.9M-pair open SAR-EO data pool for
multi-modal pretraining, and derive OpenSEP-1.7M as its
SEORation-curated subset. Our experiments demonstrate
that the proposed curation strategy is effective not only for
in-domain, but also for out-of-domain generalization, using
strength-varied curated subsets and evaluated under consis-
tent bidirectional SAR-EO retrieval protocols.

2. Related Work

2.1. Multi-Modal Remote Sensing Foundation
Models

Remote sensing foundation models have increasingly
moved from single-modality pretraining toward multi-
modal learning with SAR, EO, and temporal imagery.
CROMA [7] learns radar-optical representations by com-
bining cross-modal contrastive learning with masked recon-
struction on spatially and temporally aligned SAR-optical
samples. SkySense [11] and SkySense++ [27] study multi-
modal remote sensing foundation models that integrate op-
tical, SAR, and temporal imagery for broad Earth observa-
tion tasks. MaRS [31] further explores very-high-resolution
SAR-optical foundation modeling with cross-modality and
cross-granularity representation learning, while X-JEPA [3]
studies predictive self-supervised alignment for cross-
modal remote sensing retrieval. These studies demon-
strate the importance of SAR-EO multi-modal representa-
tion learning, while our work focuses on the paired-data cu-
ration problem that precedes such pretraining.

2.2. SAR-EO Data Resources

A number of public resources provide SAR-EO or
related multi-modal remote sensing data across dif-
ferent sensors, resolutions, and acquisition conditions.
Sentinel-1/Sentinel-2 resources such as SSL4EO-S12 [26]
and BigEarthNet-MM [23] support large-scale medium-
resolution representation learning. DynamicEarthNet [24]
provides daily Planet Fusion imagery and monthly Sentinel-



1/Sentinel-2 auxiliary imagery over the same areas of inter-
est, enabling data fusion and multi-modal settings. High-
resolution and heterogeneous SAR-EO resources include
GUSO [30] and OSDataset2.0 [28] for SAR-optical regis-
tration and matching, SpaceNet6 [21] and the IEEE GRSS
Data Fusion Contests [14, 18] for multi-sensor remote
sensing benchmarks, and M4-SAR [25] and BRIGHT [2]
for optical-SAR detection and disaster-response scenarios.
OpenSEP integrates these public resources into a unified
raw candidate pool and constructs patchified SAR-EO can-
didate pairs through a common preprocessing pipeline.

2.3. Data Curation for Foundation Model Training

Data curation has become an important factor in large-
scale foundation model training. DataComp [8] shows that
data selection strategies can substantially affect image-text
contrastive pretraining under fixed training and evaluation
protocols. MetaCLIP [29] analyzes CLIP [19] pretrain-
ing from a data-centric perspective and proposes metadata-
balanced curation, while Data Filtering Networks [6] stud-
ies learned filtering for selecting useful subsets from large
uncurated pools. SemDeDup [1] is especially relevant to
our work because it identifies semantic duplicates in embed-
ding space rather than exact duplicates in input space, show-
ing that redundant samples can be removed while preserv-
ing performance and improving training efficiency. SEO-
Ration extends this curation perspective to SAR-EO paired
data in remote sensing. In addition to sample-level redun-
dancy, SAR-EO corpora require pair-level validation be-
cause geographically corresponding samples can still pro-
vide ambiguous cross-modal supervision. This is related to
noisy correspondence in cross-modal matching, where mis-
matched pairs can degrade representation learning [13].

3. Method

3.1. Overview

We construct OpenSEP by first normalizing public remote
sensing datasets into a unified SAR-EO candidate pool. We
then apply SEORAation, a two-stage curation pipeline con-
sisting of semantic deduplication and RSLIP score filtering.
The first stage reduces sample-level semantic redundancy
while preserving the SAR-EO pair structure. The second
stage uses a GUSO-trained RSLIP scorer to estimate scene-
level compatibility between SAR and EO images. Fig. |
illustrates the overall pipeline.

To study the effect of curation choices, we vary the se-
mantic embedding space used for semantic deduplication
and the pruning strength used for RSLIP score filtering.
Each subset is used to train the same RSLIP architecture
under a controlled protocol, and the resulting models are
evaluated with SAR-to-EO and EO-to-SAR retrieval. This
separates the use of RSLIP as a curation scorer from its use

Table 1. Composition of the OpenSEP training pool and source-
provided held-out pools. The held-out column reports publicly
available paired validation or test samples used as OpenSEP vali-
dation pools, and “~” indicates that no official paired held-out split
is provided.

Dataset # Train # Held-out
SpaceNet6 [21] 43,109 -
BigEarthNet-MM [23] 600,326 -
DynamicEarthNet [24] 606,432 15,330
DFC2023 [18] 30,484 2,146
SSL4EO-S12 [26] 1,044,316 -
M4-SAR [25] 312,912 33,946
OSDataset2.0 [28] 15,212 -
DFC2025 [14] 69,328 -
BRIGHT [2] 51,824 156
GUSO [30] 2,160,572 48,994
Total 4,934,515 100,572

as a SAR-EO foundation model trained on raw or curated
paired corpora. We refer to the final SEORation-curated
subset as OpenSEP-1.7M, and use OpenSEP to denote the
released SAR-EO paired data resource.

3.2. OpenSEP Candidate Pool Construction

To construct OpenSEP, we aggregate public remote sensing
datasets that provide paired or pairable SAR and EO obser-
vations. As summarized in Table 1, the raw candidate pool
aggregates ten public resources and contains 4.9M patchi-
fied SAR-EO candidate pairs. These aggregated sources
cover diverse sensors, spatial resolutions, acquisition con-
ditions, scene types, and geographic regions. Since these
datasets were originally collected for different tasks and
sources, we treat the aggregated data as a raw candidate
pool rather than a directly curated pretraining corpus. We
convert each source into a unified patch-level SAR-EO for-
mat while retaining available metadata such as dataset ori-
gin, sensor type, spatial resolution, and acquisition infor-
mation. After patchification and train-split construction,
the raw pool with 4.9M SAR-EO candidate pairs is then
passed to SEORation.

3.3. Semantic Deduplication

The first stage of SEORation reduces sample-level seman-
tic redundancy in the SAR-EO candidate pool. We perform
deduplication at the pair level using EO-side embeddings
as the semantic anchor. When an EO sample is identified as
redundant, its associated SAR-EO pair is removed together.
For each EO image [;, rather than treating redundancy as
pixel-level near-duplication, we extract a RemoteCLIP em-
bedding [17] to capture remote-sensing semantics and apply
{5 normalization:
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Following SemDeDup [1], we cluster the normalized em-
beddings and perform pruning independently within each
cluster. For a sample at position j in a cluster, we compute
its maximum cosine similarity to the preceding samples in
the same cluster:
T
§; = Max z; z;
T T

with s; = 0. Given a pruning parameter ¢, the correspond-
ing SAR-EO pair is removed if

Sj>1—€.

We construct the deduplicated candidate pool with ¢ =
0.07, corresponding to a cosine similarity threshold of 0.93.
The retained pairs are then passed to the RSLIP score filter-
ing stage.

3.4. RSLIP Score Filtering

Motivated by the pair-level inconsistency discussed above,
for the second stage of SEORation, we apply RSLIP score
filtering to estimate the compatibility of each SAR-EO pair.
For this, we propose RSLIP, a cross-modal contrastive
learning model that aligns SAR and EO images in a shared
semantic embedding space. Inspired by CLIP [19], RSLIP
adopts a dual image-encoder architecture consisting of an
EO encoder and a SAR encoder. Given a mini-batch of
paired samples B = {(2¢°,23%")}X |, RSLIP produces
normalized embeddings z{° and z;*" and is trained with a
symmetric contrastive objective:
exp(sim(z§°, 28%") /T)

7
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where 7 denotes the temperature parameter.

For RSLIP score filtering, we first train a GUSO-trained
RSLIP scorer. GUSO [30] is a large-scale SAR-EO reg-
istration dataset originally introduced for SAR-optical im-
age registration and provides high-quality cross-modal cor-
respondences across diverse cities and scenes. This makes
it suitable for learning an initial SAR-EO compatibility
scorer. Since OpenSEP intentionally spans diverse sensors,
spatial resolutions, and acquisition conditions, we train the
scorer with random cropping, blur, downsampling, and ge-
ometric jitter to reduce reliance on high-resolution texture
or strict registration cues. The trained scorer is then applied
to OpenSEP candidate pairs to produce the RSLIP scores
used for filtering.

For each deduplicated candidate pair (x°°,z%%"), we
compute the RSLIP score as the cosine similarity between
the normalized EO and SAR embeddings:

€0 S(LT')

T sar
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A higher score indicates stronger compatibility in the
learned embedding space. We use this score as a fil-
tering signal rather than an absolute quality label. For
each semantically deduplicated pool, we construct multi-
ple curated subsets by varying the RSLIP score filtering
strength.  Specifically, we retain the top-p%, with p €
{10,30,50,70} candidate pairs according to the RSLIP
score. These subsets are used to train the same RSLIP archi-
tecture under a controlled protocol to analyze how pair-level
filtering strength affects SAR-EO pretraining.

4. Experiments

We evaluate the effect of SEORation on SAR-EO paired-
data curation through cross-modal retrieval experiments.
We first describe the common training setup and retrieval
protocol, and then use the OpenSEP validation pool to se-
quentially select the curation strengths for semantic dedu-
plication and RSLIP score filtering. We analyze the RSLIP
model trained on the resulting curated dataset, OpenSEP-
1.7M. Finally, we evaluate SAR-to-EO and EO-to-SAR re-
trieval on QXS-SAROPT, an external SAR-EO dataset that
is not used in OpenSEP construction, to examine whether
the selected curation configuration transfers beyond the
source datasets.

Table 2. Training configuration used for all RSLIP pretraining
experiments.

Setting Value
Model ViT-B/16
Input size 224 x 224
Optimizer AdamP
Learning rate 5x 1074
Weight decay 1x 1074
Batch size 128

Training epochs 25

Backbone freezing First 2 epochs

LR schedule Constant for 15 epochs, then 0.1x decay
Gradient clipping 2.0

4.1. Experimental Setup

All pretraining experiments are conducted under a consis-
tent setup of [4], while varying only the training data.
We compare models trained on the raw OpenSEP candidate
pool, semantically deduplicated pools, and curated subsets
obtained after RSLIP score filtering. This controlled setup
allows us to analyze how each curation stage and curation
strength affect SAR-EO representation learning.

We use an epoch-matched training protocol for all mod-
els. Each subset is trained for the same number of epochs,
so smaller curated subsets require fewer optimization steps
than larger pools. This setting evaluates whether curated
data can provide more effective training signals under the



Table 3. Validation retrieval results for semantic deduplication and RSLIP score filtering. Semantic deduplication is evaluated on OpenSEP
validation pools from BRIGHT, DFC2023, DynamicEarthNet, GUSO, and M4-SAR. For RSLIP score filtering, filtered subsets are con-
structed from the RemoteCLIP ¢ = 0.07 deduplicated subset; the Top 100% baseline is omitted since it is identical to the RemoteCLIP
€ = 0.07 column. The final score is reported as dataset-size-weighted R@sum, where each dataset-level R@sum is weighted by its num-
ber of validation pairs. Underlined values indicate the best result within semantic deduplication, while bold values indicate the best result
within RSLIP score filtering.

Dataset Semantic Deduplication RSLIP Score Filtering
Raw  DINOV3 (¢=0.07) RemoteCLIP (¢=0.07) Top10% Top30% Top50% Top 70%

BRIGHT 576.92 582.05 567.95 581.41 592.31 592.31 588.46
DFC2023 513.98 517.89 519.71 484.30 523.11 523.16 524.23
DynamicEarthNet 7.38 8.70 7.99 3.54 6.57 6.41 7.16
GUSO 466.72 483.01 489.62 412.83 526.02 532.82 528.21
M4-SAR 406.58 403.46 412.47 347.07 442.44 454.08 427.00
Weighted R@sum 377.58 384.76 390.93 330.03 418.67 425.89 414.63

same epoch budget. The common training configuration is
summarized in Table 2.

Curation strengths are selected using the OpenSEP vali-
dation pools listed in Table 1, which are constructed from
the held-out splits available in the source datasets. For each
validation pool, we evaluate both EO-to-SAR and SAR-
to-EO retrieval and report Recall@1, Recall@5, and Re-
call@10. We define R@sum as the sum of Recall@1, Re-
call@5, and Recall @ 10 over both retrieval directions. Since
the validation pools differ in size across sources, we ag-
gregate validation performance using dataset-size-weighted
R@sum, where each dataset-level R@sum is weighted by
the number of validation pairs in that dataset.

For external evaluation, we use QXS-SAROPT [12], a
SAR-EO paired dataset that is not included in OpenSEP
construction. Given a query image from one modality,
the model retrieves its paired counterpart from the other
modality. We report Recall@1, Recall@5, Recall@ 10, and
R@sum for both EO-to-SAR and SAR-to-EO retrieval.

4.2. Effect of Embedding Space for Semantic Dedu-
plication

This section analyzes the embedding space used for se-
mantic deduplication, the first stage of SEORation. Since
semantic deduplication removes samples based on simi-
larity in an embedding space, the choice of encoder di-
rectly affects which SAR-EO pairs are considered redun-
dant. Remote sensing imagery differs from natural imagery
in viewing geometry, scene layout, and land-cover patterns,
suggesting that a remote-sensing-aware representation may
provide a more suitable redundancy criterion.

To examine this effect, we fix the pruning strength to ¢ =
0.07 and compare RemoteCLIP [17] with DINOv3 [22].
RemoteCLIP provides remote-sensing-aware embeddings,
whereas DINOv3 provides general-purpose visual embed-
dings. For each embedding space, we apply semantic dedu-

plication to the raw OpenSEP candidate pool, train the
same RSLIP architecture on the resulting pool, and eval-
uate SAR-to-EO and EO-to-SAR retrieval on the OpenSEP
validation pools.

Table 3 reports the validation retrieval results. Both se-
mantic deduplication settings improve over the raw candi-
date pool, which achieves a weighted R@sum of 377.58.
RemoteCLIP-based deduplication achieves the highest
weighted R @sum of 390.93, outperforming DINOv3-based
deduplication at 384.76. This suggests that remote-sensing-
aware embeddings provide a more effective space for iden-
tifying redundant SAR-EO samples. Based on this result,
we use the RemoteCLIP ¢ = 0.07 deduplicated pool for the
subsequent RSLIP score filtering stage.

4.3. Selecting the RSLIP Score Filtering Strength

After selecting the RemoteCLIP ¢ = 0.07 pool from the se-
mantic deduplication stage, we select the filtering strength
for the second stage of SEORation. For each SAR-EO
pair, a GUSO-trained RSLIP scorer computes a compati-
bility score. We then construct curated subsets by retain-
ing the top-p% pairs according to the RSLIP score, where
p € {10, 30, 50, 70}.

Table 3 reports OpenSEP validation retrieval results for
each RSLIP score-filtered subset. The Top 50% subset
achieves the highest weighted R @sum, while the Top 30%
and Top 70% subsets also outperform the unfiltered Top
100% base pool. In contrast, the Top 10% subset performs
substantially worse, indicating that overly aggressive filter-
ing can remove useful diversity. These results suggest that
RSLIP score filtering improves SAR-EO alignment when it
balances pair-level reliability and data diversity.

Based on this validation result, we select RemoteCLIP
€ = 0.07 semantic deduplication followed by RSLIP
Top 50% score filtering as the final curation configura-
tion. We use OpenSEP to denote the released SAR-EO



Table 4. Source composition of OpenSEP-1.7M. The number of
train patches denotes the patchified SAR-EO candidate pairs re-
tained after RemoteCLIP ¢ = 0.07 semantic deduplication and
RSLIP Top 50% score filtering. The keep rate denotes the pro-
portion of retained pairs relative to the raw candidate pool of each
source dataset.

Dataset # Train patches Keep Rate
SpaceNet6 [21] 32,300 74.93%
BigEarthNet-MM [23] 9,557 1.59%
DynamicEarthNet [24] 1,250 0.21%
DFC2023 [18] 12,219 40.08%
SSL4EO-S12 [26] 313,629 30.03%
M4-SAR [25] 139,833 44.69%
OSDataset2.0 [28] 13,037 85.70%
DFC2025 [14] 12,471 17.99%
BRIGHT [2] 16,731 32.28%
GUSO [30] 1,153,061 53.37%
Total 1,704,088 34.53%

paired data resource, and OpenSEP-1.7M to denote this
final SEORation-curated subset used in our experiments.
Table 4 reports the source composition of OpenSEP-1.7M,
which retains 1.70M pairs, corresponding to 34.53% of the
raw candidate pool. The source-wise keep rates vary be-
cause SEORation filters candidates by semantic redundancy
and RSLIP scene-level compatibility rather than enforcing
a fixed per-source ratio.

4.4. External Evaluation on QXS-SAROPT

Finally, we evaluate retrieval performance on QXS-
SAROPT [12], an external SAR-EO paired dataset that is
not included in OpenSEP construction. This evaluation
examines whether the curation configuration selected on
the OpenSEP validation pools remains effective beyond the
source datasets used to build OpenSEP.

Table 5 reports SAR-to-EO and EO-to-SAR retrieval re-
sults on QXS-SAROPT. The raw candidate pool serves as
the uncurated baseline. The Top 30% subset achieves the
best R@sum on QXS-SAROPT. However, the validation-
selected OpenSEP-1.7M configuration, corresponding to
Top 50%, is second-best in R@sum and SAR-to-EO met-
rics, remains competitive in EO-to-SAR retrieval, and sub-
stantially outperforms both the raw candidate pool and the
unfiltered Top 100% subset. This indicates that the cura-
tion strength selected on OpenSEP validation transfers well
to an external SAR-EO dataset. Although the external op-
timum shifts from Top 50% to Top 30%, moderate RSLIP
score filtering consistently outperforms both the raw candi-
date pool and the unfiltered Top 100% subset.

4.5. Qualitative Analysis of RSLIP Scores

We also qualitatively examine how RSLIP scores reflect
compatibility between SAR and EO images. Fig. 2 shows
examples of SAR-EO pairs from the OpenSEP candidate

Score = iJ.UU4 Score =0.115 Score =0.375 Score =0.514 Score = 0.861

Figure 2. Qualitative examples of SAR-EO pairs sorted by the
RSLIP score. The score increases from left to right. Low-
score pairs show weak or ambiguous cross-modal correspondence,
whereas high-score pairs exhibit clearer consistency between SAR
and EO observations.

Table 5. External retrieval results on QXS-SAROPT. Top-p% sub-
sets are constructed from the RemoteCLIP £ = 0.07 deduplicated
pool using RSLIP scores. Top 100% denotes the deduplicated base
pool before RSLIP score filtering, and OpenSEP-1.7M denotes
the validation-selected Top 50% subset. R@sum is computed as
the sum of R@1, R@5, and R@10 over both retrieval directions.
Best results are shown in bold and second-best results are under-
lined.

Subset EO—SAR SAR—EO R@sum
R@l R@5 R@l10 R@l R@5 R@I10
Raw candidate pool 67.68 8223 8642 5635 7355 7889  445.10
Top 100% 7248 8477 88.16 52.78 7091 76.86 44595
Top 70% 7898 87.97 9044 75.14 8551 8857 506.59
OpenSEP-1.7M (Top 50%) 79.01 87.88 90.28 77.00 86.61 89.28  510.06
Top 30% 79.66 88.06 90.36 78.67 86.94 89.38 513.07
Top 10% 5498 74.05 79.99 4898 68.69 75.64 402.34

pool sorted by their RSLIP scores. Low-score pairs often
exhibit weak structural or semantic correspondence across
modalities. For example, major terrain or object layouts
may differ, or structures visible in one modality may not
have clear counterparts in the other. In contrast, high-score
pairs tend to show more consistent scene-level structures,
such as roads, buildings, water bodies, and terrain patterns,
across SAR and EO observations.

5. Conclusion

In this paper, we studied the importance of paired-data cu-
ration for SAR-EO multi-modal remote sensing pretrain-
ing and proposed SEORation, a two-stage curation pipeline
for this purpose. SEORation reduces sample-level semantic
redundancy through semantic deduplication using Remote-
CLIP embeddings and filters SAR-EO pairs with low com-
patibility through our proposed RSLIP score filtering. We
further aggregated and curated multiple public SAR-EO and
related remote sensing resources to construct OpenSEP-
1.7M, a curated SAR-EO paired data resource constructed
from public sources. In our experiments, we used the
OpenSEP validation pool to sequentially select the cura-
tion subsets for semantic deduplication and RSLIP score
filtering. On QXS-SAROPT, an external evaluation dataset,



the RSLIP model trained on OpenSEP-1.7M improves the
aggregate SAR-to-EO and EO-to-SAR retrieval score from
445.10 to 510.06 compared with the raw candidate pool.
These results show that constructing a large SAR-EO paired
corpus is not sufficient by itself, and that curation consider-
ing both semantic redundancy and pair-level compatibility
is important for learning reliable cross-modal alignment.

Limitations and Future Work. Several limitations re-
main. Our semantic deduplication analysis is limited to
a fixed pruning threshold and a small set of embedding
spaces, and a more comprehensive study across deduplica-
tion strengths and downstream tasks is left for future work.
Although we mitigate this through augmentation and exter-
nal evaluation on QXS-SAROPT, future work could explore
more diverse scorer training sources or scorer ensembles.
We also plan to evaluate OpenSEP and SEORation beyond
retrieval, including dense prediction, fusion, change detec-
tion, and disaster response.
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