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This supplementary material provides additional de-
tails of the Robust Remote Sensing Image—Text Retrieval
(RRSITR) framework to facilitate a deeper understanding
of the proposed method. Section | presents a theoreti-
cal analysis of RRSITR. Section 2 details the training pro-
cess with pseudocode for RRSITR. Section 3 introduces
the datasets used in this paper. Section 4 provides a de-
tailed introduction to the comparison methods. Section 5
presents the experiment results for the three datasets. Sec-
tion 6 presents an analysis of the parameters. Section 7
presents ablation study results. Section 8 shows a visualiza-
tion of the weights. Section 9 presents some identified noisy
sample pairs from three benchmark datasets. Additionally,
Section 10 presents the analysis of qualitative results.
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1. Theoretical Analysis

For clarity, the following notations are used throughout this
paper. © denotes the network parameters. ¢; denotes the
sum of the global and local contrastive losses for the i-th
sample pair. <y; and 2 are thresholds. Lgs; refers to a
robust triplet loss. A; and A, are the balancing factors.

In the main text, we derive the optimal weight solution
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as follows:
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wi = 2 ()]

0, otherwise.

We present some important properties of the objective
function, which may help elucidate the rationale behind
RRSITR.

Prior to analyzing RRSITR, for simplicity, ¢; is denoted
as ¢. We introduce two key variables: F,(¢) and Q) (©]0*).
Specifically, F, (¢) is defined as the integral of w* (¢, ) with
respect to £, given by:
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Then we define Q. (©|O©*) as the first-order expansion
of F,(£(©)) at £(©*):

Q11 (8107) = Fy, (4(O7)) + w* (£(©7), 1) - (4(©) — £(87)), (3)
Q42(0107) = Fy, (£(O7)) + w™ (£(O7),72) - (4(O) — £(07)). 4)

As indicated by Z:L:I FVl (61(@)) + /\1F72 (61(9)) +
A2Lsor1(O), we observe that the proposed objective func-
tion is analytically challenging, as it requires simultane-
ously solving for the self-paced weights w and the network
parameters O. In the following proposition, we demonstrate
that RRSITR actually optimizes a more simplified implicit
objective function, where the self-paced weights w are com-
pletely eliminated.

PROPOSITION 1 (Implicit Objective Function). For a
fixed 71 and ~», the alternating optimization strategy (AOS)
used to minimize Y ., F,, (4;(0)) + MFE,,(4:;(0)) +
X2 Lso £+ (O) is equivalent to the application of the Majoriza-
tion—Minimization [5] algorithm to this function.
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PROOF. The following holds:

Py (0:(0)) < QYY) (810%),

) . (O]
Fy, (£:(©)) < @55 (©107).
Additionally, the following inequality holds:
Dy (6i(©)) + A1 Fay (€:(9)) + A2 Lisofe(O)
i=1
©)

<> QN (©10%) + MQL) (816%) + A2Laosi(©).
=1

Therefore, the Majorization-Minimization algorithm can
be employed to minimize the objective function, with the
key step being the minimization of the surrogate function
S Foy (6(0)+ A1 Fyy (€(0)) + A2 Lo £+ (©). The steps
for the k-th iteration are as follows:

Majorization Step: In this step, fix © as ©F. To ob-
tain the surrogate function, it is necessary to compute
w;(£;(0%), 1) and w;(£;(OF),~2) by solving the follow-
ing problem:

w; (£:(©%), 1) = argmin £;(6%, 1),
w; €[0,1]

w;(€;(O%),72) = argmin L;(©F,v2),
w; €[0,1]

)

this computation follows procedure for updating w in AOS.
Minimization step: In this step, fixing w; as w;, update
© by minimizing the surrogate function:

OF*! = argmin 3~ Q1) (0107) + MQL (167 + XaLonys(©),

i=1
®)
this process is consistent with the step of updating © in
AOS.

It can be readily inferred that our AOS strategy is equiv-
alent to the aforementioned optimization-minimization al-
gorithm. Moreover, Y -, F,, (4;(©)) + M F,, (¢;(0)) +
XoLsof:(©) can be regarded as the underlying objective
function we practically optimize, while F., (¢;(©)) and
F,,(¢;(©)) represent the underlying loss function for the
i-th sample.

According to Equation (2), the aforementioned proposi-
tion indicates that RRSITR minimizes an implicit loss func-
tion from which w is eliminated. Building upon this deriva-
tion, we now propose a subsequent proposition to demon-
strate the robustness of RRSITR to hard samples.

PROPOSITION 2 (Robustness). For notational simplic-
ity, denote ¢;(©) by ¢;. Assume that ming ¢, > Bp and
ming {4 > By for some constants By < oo and 77 < By <
oo. Then, for any two distinct instances (i, ) in the training
dataset D, the following holds:

For the function F’,, (¢), we have:

[Fy1 () — Fryy (65)] < k1 - |6 — 4] ©
For F,, (£), when both ¢; > ~; and £; > 1, we have:
[Flyg () — Fyy (£5)] < k2 - [€; — 4], (10

where the constants k1 and k5 are defined as:
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PROOF. Let ¢ = min{¢;,¢;} and b = max{/{;,{;}.
Since F,, (¢) and F, (¢) are continuously differentiable on
their respective domains, by the mean value theorem, there
exists &1, &2 € [a, b] such that:

[Fyy (€:) — Fryy (€5)] = Fi (1) - [ — 451,

[Py (€5) = Fay (£5)] = F7, (82) - 1€ — 4]
Based on F,, (¢) and F,, (¢) as defined in Equation 2.
For F, (¢), we have:
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Fél(é): cos(2 71), if £ <1, 13)
0, it6> .
For F,, (¢), we have:
U i <
F’;IQ(Z): cos<2 W2>, if y1 <0< s, (14)
0, i > .

Since & > Bj and &, > Bs, we have F,;l (&1) < Ky and
Ffm (&) < Kg, where k1 and ko are defined using B; and
B, respectively.

Therefore, the inequalities hold for any two distinct in-
stances (4, j) satisfying the respective conditions.

According to Proposition 2, the transformed loss func-
tions F,, (¢) and F.,(¢) demonstrate stronger robustness
toward hard samples with large loss values compared to
the original loss function ¢(-). Specifically, when consid-
ering a hard sample ¢ and an easy sample j, the loss dis-
crepancy in RRSITR, measured by | F, (¢;) — F,, (¢;)| and
|Fy, (4;) — F,(¢;)], becomes significantly smaller than the
original loss discrepancy |¢; — ¢;|, since k1 < 1 and ko <
1. This result confirms that both F., (¢(-)) and F, (£(-))
achieve enhanced robustness by substantially reducing sen-
sitivity to large loss values.

2. Training Procedure

To clearly illustrate the training process of the RRSITR
framework. Algorithm | provides the corresponding pseu-
docode, which details the key operations and data flow.

3. Dataset Details

Three benchmark datasets are used to evaluate the proposed

RRSITR, including:

e RSITMD [11]: The RSITMD comprises 4,743 remote
sensing images belonging to 32 categories. Each remote
sensing image has a size of 256 x 256 pixels and is ac-
companied by five descriptive texts. These texts provide



fine-grained information for the remote sensing scenes.
We follow the data partitioning scheme described in [12],
which consists of 3,861 training images, 430 validation
images, and 452 test images.

e RSICD [4]: The RSICD comprises 10,921 remote sens-
ing images collected from Google Earth that belong to 30
different categories. The sizes of these remote sensing
images are 224 x 224 pixels, and their resolutions vary.
Each remote sensing image is associated with five texts,
resulting in 54,605 description texts. Compared with
RSITMD, the similarity of text descriptions in RSICD
is higher, which increases the difficulty of cross-modal
learning. We follow the data partition in [12] which con-
sists of 8,845 training images, 983 validation images, and
1,093 test images.

e NWPU [1]: The NWPU comprises 31,500 images, each
with a pixel resolution of 256 x 256, spanning 45 scene
categories. Every image is annotated with five descriptive
captions. We follow the data partition in [12] which con-
sists of 25,515 training images, 2,835 validation images,
and 3,150 test images.

Algorithm 1 Robust Remote Sensing Image—Text Retrieval

Require: Dataset D = {(I;,T;,y;)}}.,; Hyperparameters
Y1 Y25 A1y A2, 0, @
Ensure: Parameters ©
1: Initialize ® with CLIP visual encoder ¢ and text en-
coder ¢;
2: while not converged do
3 for each batch B C D do
4 Compute f{, f;, = ¢(I;) and f{, f{ = ¢(T3);
5 Compute S9 = cos (f7, f7);
6 Compute S* =|| cos (f1, f})
;
8
9

|2,2;

Compute Efrllfo = L7 :,(89) + L, :,(S");
for each sample in B do
: gl = L?:Lfo’

10: if /; < ~; then

11 w; = cos(% - f;—i);

12: Compute the loss Lg1;

13: else if v; < /; < 7, then

14: w; = cos(G - %),

15: Compute the loss Lg2;

16: else

17: w; = 0;

18: Compute the loss L¢3

19: end if

20: end for

21: Compute Loyerail;

22: Update © using gradient descent;

23: end for

24: end while

25: return ©

4. Comparison Methods

To validate the effectiveness of our model, we select ten
state-of-the-art remote sensing image-text retrieval models
as baseline comparisons, as follows.

e SIRS [13]: The SIRS model utilizes a multitask joint
framework for efficient plug-and-play and end-to-end
model training.

* MSA [10]: The MSA model separately aligns image-text
pairs at multiple scales to improve the ability to learn joint
representations that enable effective retrieval.

* AMFMN [11]: The AMFMN model is an asymmet-
ric multimodal feature matching network that allows for
adaptation to multiscale feature inputs and dynamic filter-
ing of redundant features.

* HVSA [12]: The HVSA model is a curriculum learning-
based hypersphere visual semantic alignment network for
advanced retrieval performance.

* SWAN [8]: The SWAN model enhances the perception
of remote sensing image scenes to reduce confusion in
the semantic space and improve retrieval performance.

* PIR [7]: The PIR model employs a progressive attention
encoder to model long-range dependencies, thereby en-
hancing the characterization of key features and improv-
ing retrieval performance.

« KAMCL [3]: The KAMCL model constructs a knowl-
edge augmented learning framework to provide valuable
concepts and learn discriminative representations.

e S-CLIP [6]: The S-CLIP model introduces a contrastive
learning and language modality-based pseudo-labeling
strategy to improve the training of pre-trained models.

e SEMICLIP [2]: The SEMICLIP model leverages a small
amount of image-text paired data with a large number of
images without textual descriptions to improve the image-
text alignment capabilities of pre-trained models.

* CUP [9]: The CUP model introduces prompt tuning into
pre-trained models to alleviate the computational burden
of optimization.

5. Comparison with the State-of-the-Art

In all experimental tables, the highest scores are high-
lighted in bold, the second-highest scores are marked with
underlines, and ’(£)’ denotes the standard deviation.

As shown in Tab.1, under the 0% noise condition, the
proposed RRSITR achieves the best performance across
all evaluation metrics on all three datasets. These results
demonstrate the effectiveness and robustness of RRSITR,
indicating that RRSITR not only possesses strong anti-
interference capabilities but also maximizes retrieval per-
formance under ideal conditions.



Table 1. Image-text retrieval performance on RSITMD, RSICD, and NWPU under 0% noise ratio.

Image-to-Text Retrieval

Text-to-Image Retrieval

Dataset Method Ref. mR
R@1 R@5 R@10 R@1 R@5 R@10
AMFMN TGRS’22 12.92+1.96 30.49+2.34 43.19+1.74 10.86+1.02 36.31+0.67 56.19+1.21 31.66+1.28
HVSA TGRS’23 13.76+2.24 32.17+1.89 45.00+1.33 11.40+0.83 38.86+0.93 57.18+1.16 33.06+1.10
KAMCL TGRS’23 13.85+1.66 31.32+2.67 44.65+£2.90 12.13+0.78 38.94+1.33 56.58+1.29 32.91+1.50
SWAN ICMR’23 14.73+£2.28 33.85+0.94 47.17£1.59 11.35+0.49 39.54+0.73 59.60+1.19 34.37+0.80
PIR ACMMM’23 17.30£1.16 39.07£1.29 52.26+1.83 13.28+0.54 42.20£0.90 62.58+1.03 37.78+0.81
RSITMD S-CLIP NeurIPS’23 9.16£0.98 32.57£1.20 50.22+0.73 9.47+0.62 31.90+0.81 49.29+1.27 30.44+0.73
SIRS TGRS 24 14.07+0.87 32.92+1.28 46.42+1.59 11.66+0.60 40.55+0.54 59.11+0.88 34.12+0.46
MSA TGRS 24 15.35+0.75 34.69+1.45 46.28+1.13 13.64+0.55 41.84+1.05 59.39+1.12 35.20+0.59
SEMICLIP ICLR’25 11.95+0.34 37.65+2.63 55.84+1.84 11.68+1.38 39.25+1.89 57.66+1.94 35.67+1.19
CUP TNNLS’25 20.44+1.20 40.62+1.02 53.98+0.95 16.78+0.47 46.64+0.90 63.80+0.79 40.38+0.62
RRSITR Ours 25.44+0.54 46.82+1.86 58.98+2.04 20.88+0.49 53.59+1.74 70.90+0.81 46.10+1.08
AMFMN TGRS’22 6.68+0.79 19.32+0.63 30.07+0.86 5.62+0.57 20.44+0.50 34.12+0.69 19.38+0.36
HVSA TGRS’23 8.05+1.07 20.90+1.26 31.77+1.10 5.69+0.33 21.54+0.75 34.77£1.20 20.45+0.77
KAMCL TGRS’23 9.31+0.34 23.42+0.67 35.85+1.03 6.92+0.45 24.14+0.59 38.22+1.38 22.98+0.67
SWAN ICMR’23 7.65+0.91 21.25+1.09 32.66+1.00 6.29+0.23 23.29+0.66 38.46+0.49 21.60+0.52
PIR ACMMM’23 9.59+0.65 23.39+0.88 36.27+1.09 7.29+0.45 24.91+0.53 40.53+0.85 23.66+0.47
RSICD S-CLIP NeurIPS’23 4.71+0.84 19.30+1.92 32.44+1.84 5.31£0.52 19.69+1.27 32.57+2.59 19.00+1.38
SIRS TGRS’24 6.90+0.33 20.24+0.43 31.43+0.76 5.43+0.40 21.07+0.33 35.30+0.65 20.06+0.10
MSA TGRS’ 24 6.84+0.60 20.68+0.72 32.04+0.96 6.13+£0.42 23.59+0.32 39.35+0.55 21.44+0.33
SEMICLIP ICLR’25 7.19+0.65 24.43+0.96 39.62+1.26 7.05+0.47 26.02+1.25 40.07+1.83 24.06+0.90
CUP TNNLS’25 11.2740.55 32.04+1.16 48.01+0.57 9.45+0.48 30.94+1.04 47.45+1.30 29.86+0.48
RRSITR Ours 15.86+0.82 35.50+2.11 48.54+1.88 12.05+0.59 34.68+1.66 50.41+2.61 32.84+1.52
AMFMN TGRS’22 12.49+£0.43 41.14+0.63 59.59+0.60 9.50+0.07 32.15+0.18 48.49+0.20 33.89+0.23
HVSA TGRS’23 12.79+0.41 41.13£0.50 59.65+0.80 9.42+0.20 32.26+0.26 48.78+0.13 34.01+0.22
KAMCL TGRS’23 20.17+1.02 54.04+0.89 70.83+1.09 11.65+0.44 35.71+0.52 51.70+0.61 40.68+0.69
SWAN ICMR’23 12.03+0.24 38.63+0.50 56.97+0.65 8.70+0.13 29.82+0.31 46.06+0.29 32.04+0.28
PIR ACMMM’23 22.39+0.45 57.84+0.38 74.61+0.61 12.91+0.10 38.71+0.26 54.59+0.21 43.51+0.23
NWPU S-CLIP NeurIPS’23 4.30+0.27 16.45+0.78 27.69+0.64 3.65+0.26 14.62+0.13 25.08+0.70 15.30+0.36
SIRS TGRS 24 11.00+0.41 36.50+0.25 54.65+0.78 8.46+0.11 29.59+0.18 45.90+0.14 31.02+0.18
MSA TGRS 24 7.28+0.11 25.94+0.68 41.66+0.51 7.44+0.17 26.91+0.61 42.70+0.83 25.32+0.17
SEMICLIP ICLR’25 8.22+0.54 23.43+0.23 37.26+0.69 6.38+0.21 23.01+0.63 37.12+0.54 22.57+0.22
CUP TNNLS’25 9.94+1.21 32.01+3.46 47.35+4.09 5.94+0.53 21.16x1.70 34.2242.04 25.10+1.66
RRSITR Ours 25.18+0.78 59.66+0.87 76.06+0.64 14.78+0.23 40.78+0.34 56.30+0.30 45.46+0.35

6. Parameter Analysis

This study investigates the impact of « and o on retrieval
performance. As illustrated in Fig.1, both excessively large
and small parameter values result in performance degrada-
tion. Specifically, we could observe that the model main-
tains satisfactory performance in both noisy and noise-free
environments when « falls within the range of 0.7 to 1.0
and o lies in the range of 0.5 to 0.8. This demonstrates that
such a parameter configuration effectively balances the con-
tributions of global and local similarity measures, as well as
the triplet margin o, thereby ensuring stable and superior
performance under varying data quality conditions.

To effectively categorize samples into clean, ambiguous,
and noisy subsets in RRSITR, we first theoretically deter-
mine the optimal ranges for parameters +; and .. Based on
the inherent cross-entropy properties of the InfoNCE loss,
we derive a threshold range v € [In N, 41n N], where N is
the batch size.

Specifically, when the model is in a random guessing
state with a prediction probability of 1/N, the expected
value of the loss ¢, which comprises four cross-entropy
terms, converges to approximately 4 In V. Samples exhibit-
ing loss values exceeding this theoretical upper bound are
statistically highly likely to be noise. Conversely, for high-
confidence clean samples, the loss is expected to be signif-
icantly lower than this random baseline. Theoretically, re-

ducing the loss to In IV indicates strong semantic alignment
and high confidence in positive pairs. In our implementa-
tion with N = 100, the parameters v; = 5 and v = 18
align with the theoretical values In N and 41n N.

To investigate the influence of parameters ~y; and v on
the robustness of the RRSITR, we conduct a sensitivity
analysis on their values. As shown in Tab.2, the results in-
dicate that setting ~y; and 75 either too high or too low leads
to a decline in model performance. Specifically, the model
achieves the best overall performance when ; is set to 5
and 7y, to 18. Further analysis reveals that moderate values
of 1 and 7y help the model establish a more reasonable dis-
crimination mechanism among clean, ambiguous, and noisy
samples, thereby enhancing overall robustness. In contrast,
overly small values of v; and -5 cause the model to over-
look substantial useful information, while excessively large
values introduce additional noise and impair generalization
capability.

7. Ablation Studies

To investigate the role of each component in the RRSITR
model, we conduct ablation studies on the RSITMD dataset
with different noise ratios. We compare the proposed
RRSITR with four variants. Specifically, #1, #2, #3, and #4
represent the removal of the local contrastive learning mod-
ule, SPL module, RTL module, and all components, respec-
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Figure 1. Parameters analysis (i.e., « and o) on RSITMD.

Table 2. Different v, and 2 on RSITMD with 0% noise

Image-to-Text Retrieval Text-to-Image Retrieval
Y172 mR

R@l R@5 R@I0 R@l R@5 R@I10

6 124 403 655 045 249 422 316
9 690 1451 1978 554 1589 2320 1430
12 23.18 4483 5810 2081 5328 7028 4508
2429 4531 5850 2145 5418 7151 45.87
18 2544 46.82 5898 20.88 5359 7090 46.10
21 2447 4531 5748 2091 53.62 71.03 4547

AN B W —
—_
W

tively. As shown in Tab.3 and Tab.4, we draw the following
conclusions: 1) The complete RRSITR framework achieves
the best overall performance, which validates the effective-
ness of each component. 2) The synergistic interactions
among the modules significantly enhance model robustness,
enabling the framework to effectively handle noisy corre-
spondence challenges.

Table 3. Ablation studies on RSITMD with 0% noise ratio.

Image-to-Text Retrieval Text-to-Image Retrieval

R@! R@5 R@I0 R@1 R@5 R@10
#1  23.14 4456 5734 21.07 5335 71.38 45.14
#2 23.58 4496  58.54 20.87 5340 71.09 45.41
#3 24.60 4500 58.63 21.06 53.87 70.55 45.62
#4 2319 44.69 59.07 20.05 52.59 70.35 44.99
RRSITR 25.44 46.82 58.98 20.88 53.59 7090 46.10

Method

Table 4. Ablation studies on RSITMD with 20% noise ratio.

Image-to-Text Retrieval Text-to-Image Retrieval

R@] R@5 R@10 R@]l R@5 R@I10
#1 2336 4323 57.04 2092 5299 70.05 44.60
#2 2270 4190 5646 19.68 50.74 68.99 4341
#3  24.78 44.56 58.10 20.57 52.26 70.21 45.08
#4  23.01 42.61 5633 1891 4994 68.17 43.16
RRSITR 24.60 46.68 58.85 20.19 53.04 70.12 45.58

Method mR

8. Weight Visualization

The weight assignment strategy during training is visual-
ized on the original RSITMD dataset in Fig.2. This strat-
egy assigns higher weights to high-quality clean pairs to
effectively guide the learning process, while adaptively al-
locating weights to ambiguous pairs based on their quality

to fully exploit the useful information within the training
data. In contrast, noisy samples are assigned zero weight
to prevent them from misleading the training. Through this
dynamic weighting mechanism, the model utilizes the train-
ing data more robustly, leading to enhanced robustness and
retrieval performance.

Clean Pair Clean Pair

Ambiguous Pair

Ambiguous Pair Noise Pair Noise Pair

ome rocks in
the Red Desert.

This is a fores There is nothing in A house was built
the desert by the lake.

[0992 ] v [[ 0984 |/ [0325 | X | [0.000 ] X[ 0.000 ] X

Figure 2. Weight distribution across clean, ambiguous, and noisy
data pairs in RSITMD training.

9. Visualization of Noisy Sample Pairs

To verify that the original datasets indeed contain mis-
matched image-text pairs, we employ RRSITR to analyze
three widely used benchmark datasets, RSITMD, RSICD,
and NWPU. This analysis identifies several samples with
matching noise. As shown in Fig.3, RRSITR effectively
detects these mismatched sample pairs, thereby confirm-
ing the presence of noisy correspondences in the original
datasets. Therefore, conducting robust learning on noisy
datasets holds significant importance for further improving
remote sensing image-text retrieval performance.

RSITMD

RSICD

NWPU

Figure 3.
RRSITR.

Some noisy sample pairs correctly identified by

10. Qualitative Results

As shown in Fig.4, the proposed RRSITR accurately re-
trieves corresponding target text given a query image on the
RSITMD dataset, with most of the top-5 returned results
being matched texts. For texts that correspond to only a
single matching image, RRSITR consistently ranks the cor-
rect image first among all retrieval results. These results



confirm that robust learning on datasets with noisy corre-
spondence effectively improves remote sensing image-text
retrieval performance.

Image-to-Text Retrieval I Text-to-Image Retrieval

white runway next to the airport separated to some
blnckdge&

I On both sides of the gray port were two large ships, full of
red boats.

5.The building next to the school looks similar.

Figure 4. The visualization of the top 5 retrieval results on
RSITMD, including image-to-text retrieval (left) and text-to-
image retrieval (right). Blue indicates the query content, green
represents matching results, and red indicates non-matching re-
sults.
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