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ABSTRACT

Remote sensing composed image retrieval (RSCIR) enables search in large satellite image archives
using composed queries that combine a reference image with a textual modifier. Although RSCIR
offers a flexible interface for expressing targeted retrieval intent, the transferability of modern compo-
sition methods to Earth observation (EO) imagery and their relevance to operational EO workflows
remain underexplored. We address this gap through a unified benchmark and an application-oriented
study. First, we systematically adapt and evaluate representative composed image retrieval methods
with six vision-language backbones on PatternCom under a standardized protocol, analyzing their
behavior across backbones, composition strategies, and query types. Second, we introduce xView2-
CIR, a change-centric dataset for disaster and damage monitoring, where retrieval is conditioned on
scene identity and a target post-event state. Our results show that training-free composition methods
provide strong and scalable baselines for EO retrieval, while change-centric retrieval presents different
challenges from attribute-based retrieval, particularly due to the need to preserve scene identity.
Overall, this study establishes a practical benchmark for RSCIR and positions composed retrieval
as a complementary tool for remote sensing image retrieval, archive exploration, and change analysis.

1. Introduction

The explosive growth of earth observation (EO) data
has enabled large-scale monitoring of the planet, but has
also made it increasingly difficult for users to navigate mas-
sive satellite image archives and retrieve content match-
ing specific information needs. Remote sensing image re-
trieval (RSIR) [1] addresses this challenge by searching EO
archives from a query, most commonly an image. Prior RSIR
research spans unisource and cross-source [ 10] settings, as
well as single-label [30, 80, 14] and multi-label [37, 34, 75]
formulations. Despite this progress, a fundamental limita-
tion persists: most RSIR systems are driven by a single
modality query. A user must typically choose between an
image query or a text query, which restricts expressivity
when the retrieval intent includes targeted modifications
beyond overall similarity.

Many operational remote sensing workflows are inher-
ently compositional. For example, an analyst may wish to
retrieve locations visually similar to a reference region but
with a different attribute, such as a parking lot with lower
occupancy or a facility with a larger number of storage tanks,
as shown in Figure 1(a,b). In change-centric applications,
the goal may instead be to retrieve imagery of the same
location under a different state, such as after a wildfire
or recent construction, as shown in Figure 1(c,d). Such
intent is difficult to express with unimodal queries alone.
Remote sensing composed image retrieval (RSCIR) [64]
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addresses this limitation by combining a reference image
with a natural-language modifier, aiming to retrieve images
that preserve the relevant visual context while satisfying the
textual specification [71, 19, 65].

Despite its promise, RSCIR remains insufficiently
studied from an applied EO perspective. Existing work [64]
introduced the task, but it remains unclear how modern
composed image retrieval methods behave under a unified
evaluation protocol, how well they transfer across general-
purpose and remote-sensing vision—language backbones,
and whether composed retrieval remains effective when
relevance depends on scene identity and a target post-
event state rather than class-level attribute matching. These
questions are important for assessing whether RSCIR can
support practical EO workflows such as archive exploration,
infrastructure monitoring, disaster response, and urban
change analysis.

This work advances RSCIR through a unified benchmark
and an application-oriented study. We first benchmark
representative composition methods on PatternCom [64],
an attribute-modification testbed derived from Pattern-
Net [112]. We evaluate six vision—language backbones,
including CLIP [67], SigLIP [105], RemoteCLIP [51], and
SkyCLIP [94], and adapt representative composition meth-
ods such as Pic2Word [71], SEARLE [2], FreeDom [19],
MagicLens [106], and BASIC [65] to EO imagery. Beyond
aggregate retrieval metrics, we analyze method behavior
across backbones, query types, and composition strategies
to provide practical guidance for selecting RSCIR pipelines.
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(a) Activity Monitoring \
i N

Remote Sensing Composed Image Retrieval

f (c) Disaster Monitoring \
~

/ (d) Urban Development s
~

-‘
CE

)

Figure 1: Composed Image Retrieval for applied Earth Observation. We illustrate how composed queries (query image + query
text) enable controllable retrieval by specifying a targeted change. (a) Activity monitoring: a parking-lot query image composed
with being empty retrieves visually similar parking areas with low vehicle occupancy. (b) Capacity monitoring: A facility query
image composed with having four retrieves visually similar sites exhibiting a different quantity attribute. (c) Disaster monitoring:
a pre-event query image composed with post-fire retrieves post-event imagery of the same scene consistent with wildfire impact.
(d) Urban development: a pre-construction query image composed with new buildings retrieves the same scene exhibiting recent
construction. For each query, retrieved candidates (ranked left-to-right, top-to-bottom) are produced by FreeDom [19] with OpenAl
CLIP [67]; green borders indicate correct retrievals under the respective evaluation criterion (a,b: same class + target attribute
value, c,d: same scene + target change), while red borders indicate mismatches. Images in (a,b) are from PatternNet [112], (c)

from xView2 [41], and (d) from LEVIR-CC [50].

To connect benchmarking with operational EO needs,
we further introduce xView2-CIR, a new dataset derived
from xView?2 [41] for change-centric composed retrieval in
disaster and damage monitoring. In xView2-CIR, a query
consists of a pre-event reference image and a textual modifier
such as post-fire, and the goal is to retrieve the corre-
sponding post-event image of the same location. This setting
evaluates whether composed retrieval can support location-
aware and semantically steerable search, complementing
established change-centric workflows such as change detec-
tion, damage assessment, and rapid mapping.

In summary, we make the following contributions:

1. We establish a unified benchmark for RSCIR on Pat-
ternCom, with domain-grounded adaptations of rep-
resentative composition methods and a standardized
protocol spanning six vision-language backbones.

2. We introduce xView2-CIR, a new evaluation dataset
for change-centric composed retrieval in disaster and
damage monitoring, where relevance depends on both
scene identity and target post-event state.

3. We provide empirical analysis and practical guidance
showing when composed retrieval is useful for remote
sensing applications, and how its behavior differs be-
tween attribute-based and change-centric settings.

2. Related Work

Remote Sensing Image Retrieval. With the aim to ef-
fectively search and retrieve information from extensive
remote sensing (RS) image archives, remote sensing image
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retrieval (RSIR) can be categorized into unisource and cross-
source [110]. Initially, RSIR methods focus on handcrafted
and low-level visual features [58, 56, 63, 45, 5, 88, 74, 89,
9, 17]. With the advent of deep learning, neural networks
are utilized for unisource single-label retrieval: (a) as feature
extractors [47, 31, 6, 100, 59, 22, 83, 33, 70, 30], (b)
trained from scratch [111, 107, 113, 54, 92, 80, 93, 10], (c)
integrating attention modules [90, 91, 96, 11] and (d) using
metric learning [109, 8, 14, 53, 20, 52]. Neural networks are
also used for unisource multi-label [9, 37,79, 81, 15, 34,75],
cross-source cross-sensors [46, 57, 98, 97], cross-source
cross-modal [11, 99, 82, 78, 55, 103, 102] and cross-source
cross-view retrieval [32, 104, 85, 48, 39, 76]. Our work fills
a notable gap and enhances user intent expression in RSIR
by combining image with text.

Composed Image Retrieval. Image-to-image [66, 23, 61]
and text-to-image [72, 108, 21] retrieval provide ways to
explore large image archives. However, the most accurate
and flexible way to express the user intent is a query com-
posed of both an image and a text. Composed image retrieval
(CIR) [87, 13, 29, 3, 42, 71] aims to retrieve images not
only visually similar to the query image, but also altered to
align with the specifics of the query text. Traditionally, CIR
methods are supervised by triplets of the form query image,
query text, target image [87, 12, 101,29, 68, 13,42, 18]. The
labor-intensive process of labeling such triplets limits early
works to specific applications in fashion [28, 4, 95], physical
states [35], object attributes and composition [87, 49, 60].
The emergence of vision-language models (VLMs) such as
CLIP [67], ALIGN [36], or BLIP [44] has recently enabled
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zero-shot composed image retrieval (ZS-CIR): one can com- s ® Same class + target attribute. A result x is relevant if it

pose a query by manipulating embeddings alone, without
any task-specific training. Early ZS-CIR attempts include
Pic2Word [71] and SEARLE [2], which invert the visual em-
bedding back to text by either pre-training a small decoder
or optimizing a pseudo token at test-time respectively. More
recent work pushes this idea further with memory-based
inversion (FreeDom [19]) or caption-and-LLM pipelines
(CIReVL [38]). CompoDiff [25] casts the composition as
a diffusion [69] problem, gradually blending visual and
textual semantics. MagicLens [106] revisits triplet super-
vision at web scale, where a VLM with extra attention
layers is fine-tuned to project the image-text input to a
single embedding. Despite this rapid progress, the extent
to which ZS-CIR methods transfer to EO imagery and how
they should be benchmarked and used in real-world remote
sensing workflows remains insufficiently understood. This
paper addresses this gap through a unified benchmark, com-
plemented by an application-oriented study.

Vision-Language Models. Foundational VLMs such
as CLIP [67], ALIGN [36] and BLIP/BLIP-2 [44, 43]
are pre-trained on hundreds of millions, or even billions,
of web image—text pairs (e.g. LAION-2B [73]). Their
joint embedding spaces enable strong zero-shot transfer
to a wide range of tasks, including open-vocabulary
classification [67], detection [26], segmentation [77], and
captioning [84]. OpenCLIP [16] re-implements CLIP
and releases checkpoints trained directly on LAION-2B.
SigLIP [105] replaces the softmax contrastive loss with
a sigmoid variant and is trained on the multilingual
WebLlI corpus. Several works adapt CLIP to the remote
sensing domain: RemoteCLIP [51] fine-tunes OpenAl
CLIP on caption-augmented RS datasets, CLIP LAION-RS
uses a 726k RS subset of LAION-2B (LAION-RS), and
SkyCLIP [94] leverages SkyScript, a million-scale image-
text pair dataset, constructed by linking satellite images
from Google Earth Engine [24] with OpenStreetMap [27]
annotations. In this work, we benchmark various VLMs
under identical composed image retrieval protocols,
revealing how generic versus RS-specialised pre-training
affects the performance on the proposed RSCIR task.

3. Task & Methodology

3.1. Problem formulation

In remote sensing composed image retrieval (RSCIR),
the query consists of a reference image y and a textual
modifier #, denoted as g = (y, ). The goal is to rank images
x € X from a database according to a composed similarity
score s(q, x) € R. Depending on the application, the query
image y is associated with either a semantic class label C,,
or a scene label S, identifying a geographic location. We
denote by A, the attribute or state visible in y, and by A, the
target attribute or state specified by the text.

We consider two relevance protocols:

-

69

-
g
=}

depicts the same class as the query and matches the target

attribute, i.e., C, = C,,and A, = A,. This setting captures

attribute-oriented search, such as retrieving similar facil-
ities with a different color, shape, density, or quantity.

e Same scene + target state. A result x is relevant if
it corresponds to the same scene/location as the query
and matches the target state or change specified by the
text, i.e., S, = S, and A, = A,. This setting captures
location-aware change-centric retrieval, such as retriev-
ing the post-event image of the same site after a wildfire
or flood.

The two protocols reflect different operational goals.
The first evaluates class-conditioned attribute modification,
while the second evaluates identity-preserving state
retrieval. The latter is not a minor variant of the former:
preserving scene identity while satisfying a target state may
favor different composition mechanisms.

To define s, we make use of pre-trained VLMs that
consist of a visual encoder f : T — R? and a text encoder
g : T — RY, which map input images from image space
T and words from the text space 7 to the same embedding
space with dimension d. We extract the visual embedding
v, = f(y) € R and the text embedding v, = g(1) € R?
to use as queries. Finally, the embedding of a dataset image
x € X is denoted as v, = f(x) € R?. All embeddings are
¢5-normalized.

3.2. Baselines

Unimodal. These baselines score each database image us-
ing only one component of the composed query. Using the
VLM encoders f and g, we define the text-only baseline
as s,(q,x) = g®T f(x) and the image-only baseline as
S f(q, x) = f(»)T f(x). These baselines isolate the contribu-
tion of the textual modifier and visual reference, respectively.

Multimodal. These baselines combine the two unimodal
scores by fusing the image- and text-based similarities. A
simple fusion is averaging: s,(q, x) = %[sg(q, x)+s(q, x)],
which yields the same ranking as summing the similarities.
We denote this baseline as text + image. While straight-
forward, this fusion can be biased toward the image signal
in practice, since same-modality similarities (image—image)
often have a different scale than cross-modal similarities
(text—image), even under ¢, normalization. A second fusion
computes similarity by multiplying the unimodal scores as
Sm(@,%) = 57(g,%) X 54(g,x). This method emphasizes
retrieval results with high agreement between modalities,
inherently penalizing disagreement, and serving as a form of
soft normalization that mitigates bias toward either modality.
We denote this baseline as: text X image.

3.3. Methods

Beyond unimodal and score-fusion baselines, we adapt
and evaluate representative composed image retrieval meth-
ods from computer vision. These methods cover textual
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inversion, memory-based query construction, caption-and-
LLM composition, diffusion-based embedding composition,
supervised multimodal pooling, and training-free feature
calibration.

WeiCom [64] is a training-free score-fusion method. It
computes image-to-image and text-to-image similarities,
standardizes each score distribution over the database, maps
the standardized scores to [0, 1] using the Gaussian CDF, and
combines them as syc(q, x) = As;(q, x)+ (- /l)s}(q, X),
where s} and s’g are the calibrated image and text scores,
and A € [0, 1] controls the modality weight.

Pic2Word [71] casts composition as textual inversion: it
learns an approximate inverse of the text encoder, mapping
an image embedding back into a text-space token represen-
tation that can be composed with the modifier. Concretely,
given v, = f(y), it predicts a pseudo-text representation
y* = g‘l(vy) with a small network trained on large-scale
image—text pairs. The composed query is then formed in text
space via concatenation and encoded as g([y*;7]), which is
used for text-to-image retrieval.

SEARLE [2] also follows textual inversion, but avoids
pretraining by performing test-time optimization. For each
query image, it directly optimizes a pseudo token y* such
that g(y*) matches \& under a cosine objective, comple-
mented by an LLM/GPT-based [7] regularizer that encour-
ages linguistic plausibility. The optimized y* is then con-
catenated with the modifier and encoded with g(-) for re-
trieval. This per-query optimization is computationally heav-
ier, but can yield strong inversion quality.

FreeDom [19] replaces explicit inversion with a mem-
ory of textual anchors. It pre-encodes a vocabulary W =
{wi}[’i , through the text encoder g(-) to obtain Vy,
{g(w)} 111 I and performs nearest-neighbor search from the
image embedding v, to retrieve a set of words whose em-
beddings best match v,. Since the mapping between words
and embeddings is explicit, this provides an interpretable
textual surrogate for the image query without optimization
or pretraining. The retrieved words are concatenated with the
modifier and encoded with g(:) for text-to-image retrieval.
FreeDom further improves robustness through query expan-
sion using visually similar images.

CIReVL [38] follows a caption-and-LLM pipeline. It con-
verts the image query to natural language via captioning
rather than inversion. A captioner (e.g., BLIP/BLIP-2 [44,
43]) produces an image description, which is then merged
with the modifier using an LLM to form a refined query sen-
tence. Retrieval is performed as text-to-image matching with
the VLM. This pipeline favors human-readable intermediate
representations and can benefit from strong captioning and
rewriting quality.

CompoDiff [25] recasts composition as a diffusion process
in the joint VLM embedding space. Starting from the image
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324

embedding v,, a denoising diffusion model gradually injects
the textual condition ¢ (with image self-conditioning), pro-
ducing a composed embedding v, , after T steps. Retrieval

is then performed with cosine similarity VIIVX.

MagicLens [106] follows a supervised multimodal pool-
ing pipeline. It learns a dedicated composition module via
supervision. It is trained on web-mined triplets (query im-
age, query text, target image), and fine-tunes a VLM aug-
mented with additional attention/pooling layers to map the
joint image—text input to a single embedding. Database
images are mapped to the same space and matched by cosine
similarity.

BASIC [65] is a training-free compositional scoring
method operating on frozen VLM features. It starts from
the standard image-to-image and text-to-image similarities,
and aims to make their combination more reliable by
(i) reducing modality- and domain-specific bias, (ii)
suppressing nuisance directions in the embedding space, and
(iii) fusing the two modalities with an “AND”-like criterion.
Concretely, BASIC first centers image and text embeddings
by subtracting mean features (optionally estimated from
a large external corpus), which mitigates global bias in
the representation. It then applies a semantic projection
derived from two textual corpora: a positive/object corpus
C, and a negative/style/context corpus C_. A contrastive
PCA-style construction emphasizes directions that are
informative for object content while de-emphasizing
directions associated with style, viewpoint, or acquisition
context. Optionally, BASIC further strengthens the visual
cue via query expansion using top retrieved neighbors.
Finally, BASIC computes modality scores against the
database and applies a lightweight score calibration
to reduce scale mismatch between modalities, before
combining them with a multiplicative fusion regularized
by a Harris-like penalty.

4. Experiments

4.1. Experimental setup

Datasets. We conduct our study on three datasets that
cover both attribute-driven and change-centric composed
retrieval in EO imagery. PatternCom [64] is an existing
RSCIR benchmark derived from PatternNet [112], a high
resolution dataset with 38 classes (800 images per class,
256x256 pixels). PatternCom organizes PatternNet into
composed queries of the form (query image, query text),
where the text specifies a target attribute value for the
class depicted in the query image (e.g., shape: oval for
swimming pool). It spans six attribute types (color, context,
density, existence, quantity, shape) with class-specific value
sets and highly variable numbers of positives per query.
In PatternCom, relevance is defined by the same class
+ target attribute criterion. As illustrated in Figure |
(a,b), this protocol naturally supports attribute-oriented
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Remote Sensing Composed Image Retrieval for Disaster Monitoring
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Figure 2: Remote sensing composed image retrieval for disaster monitoring. We restructure xView2 [41] into a composed
retrieval setting where a query consists of a pre-event reference image of a specific location and a textual modifier describing
the desired post-event state (e.g., post-hurricane). For each disaster type (a—f), we illustrate the query and the corresponding
relevance criterion: positives are images of the same scene/location depicting the specified post-event state, while negatives are
non-matching candidates (e.g., different locations with the target change or the same location without the target change).

RS use cases such as activity/occupancy monitoring and
capacity/infrastructure monitoring.

PatternCom does not fully reflect operational scenarios
where users seek the same location under a different state.
To bridge this gap, we introduce xView2-CIR, a new dataset
built by restructuring xView?2 [41] into a composed retrieval
setting for disaster and damage monitoring. In xView2-
CIR, each query pairs a pre-event reference image of a geo-
registered scene with a text modifier describing the desired
post-event state (e.g., post-hurricane, post-fire); relevance
follows the same scene/location + target state/change crite-
rion, as depicted in Figure 2. The unique positive of each
query is the post-event image of the same geo-registered
location. All remaining images are treated as negatives, in-
cluding images from different locations that exhibit the same
disaster category and images from the same location that do
not match the target post-event state, when applicable. This
construction isolates the challenge of identity-preserving
change retrieval.

Finally, to further highlight the applicability of RSCIR to
urban change analysis, we include qualitative examples from
LEVIR-CC [50], which provides paired imagery for building
change detection. We use a small, partially structured subset
to form composed queries for urban development (e.g.,
new building), following the same scene/location + target
change criterion; these examples are used for qualitative
analysis only (e.g., Figure 1 (d)), and are not included in the
quantitative benchmark due to the absence of a fully curated
CIR protocol for this dataset in our study. A comprehensive
overview of the dataset statistics is provided in A.1.
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Networks. We evaluate six vision-language models,
all using the ViT-L/14 vision backbone: CLIP [16]
LAION-2B [73], RemoteCLIP [51], OpenAl CLIP [67],
SigLIP [105], CLIP LAION-RS [94], and SkyCLIP-50 [94].
We provide further details on the networks in A.2.

Vocabularies. Recent CIR methods [2, 19, 65] leverage
a vocabulary of possible categories or concepts. However,
many of these, such as Open Images v7 [40] with 21k
concepts, originate from general-purpose computer vision
datasets. To better align these methods with remote sensing
semantics, we create a family of synthetic vocabularies using
GPT-40 [62], which we will distribute to avoid redistribution
of any copyrighted content. These vocabularies, denoted as
RSText, consist of increasing sizes: 150 to two thousand dis-
tinct concepts. The generation process (presented in subsec-
tion A.3) follows a structured prompt that emphasizes fine-
grained, diverse, and remote-sensing-relevant terminology
across a wide range of thematic areas. To combine both
general-purpose and domain-specific semantics, we further
merge RS-Text-2k with the Open Images v7, resulting in a
hybrid vocabulary of 23k classes, referred to as HybridText-
23k.

Evaluation protocols. For a query ¢, we compute Av-
erage Precision (AP) as the mean of the precision values
at the ranks where relevant items are retrieved. We then
aggregate AP across queries to obtain mAP, which reflects
both relevance and ranking quality. For PatternCom, we
follow an attribute-balanced protocol: AP is first averaged
over queries within each attribute type (e.g., color), and the
final score is the unweighted average across attribute types.
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This corresponds to a macro-averaged mAP (mAP, . ..),
ensuring that each attribute contributes equally. For xView2-
CIR, the query distribution across disaster types is im-
balanced. Therefore, we report both (i) the same macro-
averaged mAP over disaster categories, mAP_ ... which
weights each disaster type equally, and (ii) the standard
overall mAP, mAP,...;;, computed by averaging AP over
all queries irrespective of category. Reporting both provides
a fair view of performance: mAP, ., reflects robustness
across rare disaster types, while mAP, ..., reflects expected
performance under the natural query frequency.

Hyperparameters. Both PatternCom and xView2-CIR are
used strictly as evaluation sets. To avoid tuning on test
data, we keep method hyperparameters fixed to the default
settings reported in the original papers (or their official
implementations) whenever applicable. When a method ex-
poses several knobs (e.g., visual/textual expansion sizes,
inversion iterations, diffusion steps), we do not optimize
them on PatternCom or xView2-CIR. Instead, we report a
sensitivity analysis in the ablation section to characterize
how performance varies with key hyperparameters, and we
use a single fixed configuration for all main comparisons. For
instance, for WeiCom we report the A sensitivity separately,
while using a single fixed A in the main tables for fair
comparison.

4.2. Experimental analysis

Benchmark. Table 1, 2, and 3 report the main quantita-
tive results on PatternCom and xView?2-CIR, respectively,
covering a broad range of composition methods and vision—
language models. We include unimodal baselines (text-only,
image-only) and two simple multimodal fusions: score av-
eraging (text + image) and score multiplication (text X
image). We further benchmark representative state-of-the-
art CIR methods from the computer vision literature: Com-
poDiff [25], Pic2Word [71], SEARLE [2], CIReVL [38],
MagicLens [106], WeiCom [64], BASIC [65], and Free-
Dom [19], after applying domain-grounded adaptations re-
quired for EO imagery. Our adaptation principle is intention-
ally conservative: for each method, we preserve the original
inference mechanism and introduce only minimal domain-
grounded modifications needed to make it meaningful for
EO imagery, such as replacing generic vocabularies, ad-
justing prompt templates, or using remote-sensing-relevant
textual resources. We generally avoid benchmark-specific
tuning beyond what is required for compatibility. Detailed
adaptation choices and implementation details are provided
in A.4.

4.3. Experimental results

Quantitative results on PatternCom Table 1 and 2 sum-
marize attribute-modification retrieval performance on Pat-
ternCom across six VLM backbones. Unimodal baselines
are consistently weak: image-only usually outperforms text-
only, confirming that visual similarity alone is useful but
insufficient for satisfying the textual modifier. Simple multi-
modal fusion provides clear gains over unimodal retrieval. In
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Table 1

Attribute modification performance on PatternCom (mAP,
%). Results for three vision—language backbones and up to
eight composition methods. We report macro-averaged mAP
(mAP,,,.,): for each attribute type, AP is averaged over all
queries targeting a given attribute value (e.g., rectangular
for Shape), then averaged over the remaining values of the
same attribute type (e.g., oval, kidney-shaped), and finally
averaged across attribute types. Avg.: resulting mAP, ., over
all attribute types and classes; bold: best; underline: second.

(a) CLIP LAION-2B

METHOD Color Context Density Existence Quantity Shape \ Avg.
Text-only 13.47 4.83 3.58 2.00 3.31 6.22 5.57
Image-only 14.66 8.32 13.49 16.47 7.84 1576 | 12.74
Text + Image 23.13 11.02 15.87 16.93 10.13 21.38 | 16.41
Text X Image 40.97 11.87 14.48 14.36 20.31 23.99 | 21.00
SEARLE 1475 7.98 13.63 15.23 8.01 15.86 | 12.58
CIReVL 17.79 28.55 17.69 35.14 1495 25.91 | 23.34
WeiCom 46.08 17.45 16.49 8.36 18.15 23.97 | 21.75
BASIC 29.26 6.38 15.29 18.54 12.18 17.18 | 16.47
FreeDom 46.55 43.49 21.32 46.98 25.09 48.13 | 38.59
(b) RemoteCLIP
METHOD Color Context Density Existence Quantity Shape ‘ Avg.
Text-only 10.75 8.87 2216 6.98 8.25 2412 | 13.52
Image-only 1440 6.62 15.11 13.10 6.99 15.18 | 11.90
Text + Image 23.67 10.01 18.45 13.98 7.97 19.63 | 15.62
Text X Image 47.20 19.65 27.09 12.97 1459 40.60 | 27.02
CompoDiff 8.58 17.88 14.41 6.04 9.34  12.46 | 11.45
Pic2Word 40.88 40.26 17.41 16.92 9.18 27.98 | 25.44
SEARLE 14.44  6.00 13.49 12.95 7.29 1486 | 11.51
CIReVL 4280 36.79 21.34 43.81 19.35 35.55 | 33.27
WeiCom 43.68 31.45 39.94 14.92 20.51 29.78 | 30.05
BASIC 47.65 15.45 17.55 22.03 20.76 25.00 | 24.74
FreeDom 49.80 38.80 28.31 36.64 26.77 39.49 | 36.64
(c) OpenAl CLIP
METHOD Color Context Density Existence Quantity Shape ‘ Avg.
Text-only 3.49 7.75 2,51 331 1.01 2.94 3.50
Image-only 13.61 7.86 18.19 13.30 8.30 15.08 | 12.72
Text + Image 16.59 11.13 19.88 15.13 8.96 17.55 | 14.87
Text X Image 27.59 14.65 15.63 17.97 9.08 17.77 | 17.12
CompoDiff ~ 10.70  8.32 16.83 12.36 4.67 1350 | 11.06
Pic2Word 27.09 20.93 19.04 9.81 8.05 19.24 | 17.36
SEARLE 1524 7.25 16.20 13.30 9.00 15.78 | 12.80
CIReVL 29.32 31.14 16.02 37.23 11.70 22.88 | 24.72
MagicLens 34.63 1898 1454  21.46 13.21  17.70 | 20.09
WeiCom 27.42 25.15 13.63 21.98 7.01 15.33 | 18.42
BASIC 38.31 2453 26.35 30.94 18.03 35.73 | 28.98
FreeDom 39.08 45.87 36.72 37.25 13.22  28.69 | 33.47

particular, text X image is often stronger than text + image,
although it is less stable on some backbones, such as SigLIP.

Among composition methods, FreeDom is the strongest
performer, achieving the best average mAP across all six
backbones, with particularly high absolute performance
on SigLIP (46.61%) and strong results on RemoteCLIP,
SkyCLIP-50, and CLIP LAION-RS. CIReVL and BASIC
form the next tier. CIReVL performs particularly well on
remote-sensing-adapted CLIP backbones like RemoteCLIP
and SkyCLIP-50. BASIC is the second strongest with
OpenAl CLIP and SigL.IP. WeiCom remains a competitive
lightweight baseline, while MagicLens shows that super-
vised multimodal heads trained on natural-image triplets
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Table 2

Attribute modification performance on PatternCom (mAP,
%). Results for three vision—language backbones and up to
seven composition methods. We report macro-averaged mAP
(mAP,,.,): for each attribute type, AP is averaged over all
queries targeting a given attribute value (e.g., rectangular
for Shape), then averaged over the remaining values of the
same attribute type (e.g., oval, kidney-shaped), and finally
averaged across attribute types. Avg.: resulting mAP, over

Table 3

Disaster monitoring performance on xView2-CIR (mAP, %).
Results for two vision—language backbones and three compo-
sition methods. We report per-disaster mAP (%) for post-*
modifiers (e.g., Hurricane). Avg.: mAP,,, across disasters

(equal weight per disaster); Total: mAP,,.,,;, (weighted by the
number of queries per disaster); bold: best; underline second.

(a) OpenAl CLIP

f b ddl bold: b derli macro d METHOD Hurricane Wildfire Flood Tsunami Earthquake Volcano | Avg. | Total
all attribute types and classes; bold: best; underline: second. Toxonly 250 1ol 325 1505 219 1577 | 757 | 207
Image-only 6.99 239 144 2517 8.35 9.69 9.00 5.53
(a) SigLIP Text + Image 14.61  7.45 475 37.46  16.63  25.49 ‘ 17.73 ‘ 12.14
METHOD Color Context Density Existence Quantity Shape | A Text X Image 18.11 1212 836 37.63  17.93  61.46 | 25.94 | 16.35
WeiCom 2504 1388 943 4296 36.48 5534 | 30.67 | 21.40
Text-only 799 393 230 9.93 058 3116 ‘ 9.32 BASIC 2271 18.49 1459 26.15 169 5920 | 27.14 | 21.38
Image-only  15.03 10.67 21.46  21.13  8.94 17.37 | 15.77 FreeDom 1801 1746 3.77 3503 321 2588 | 17.23 | 16.84
Text + Image 25.11 11.46 2047 21.31  10.66 27.92 | 19.49
Text x Image 18.80 596  6.57  18.77 1.28  43.66 | 15.84 (b) SigLIP
WeiCom 24.77 15.32 9.06 22.37 4.59 43.64 | 19.96 METHOD Hurricane Wildfire Flood Tsunami Earthquake Volcano | Avg. | Total
BASIC 36.11 1030 21.76 24.68  20.43 19.46 | 22.12 Text-only 232 181 1.09 7.10 088 1377 | 4.49 | 2.31
FreeDom 47.99 49.88 22.84 5470 37.05 67.17 | 46.61 Image-only ~ 10.65 9.74 10.68 24.15 1444 2077 | 15.07 | 10.97
Text + Image 15.86 19.94 13.05 26.29 19.92 26.17 20.20 | 17.50
(b) CLIP LAION-RS Text x Image 10.74  13.69 14.20 17.54  23.17  53.96 | 22.22 | 13.08
METHOD Color Context Density Existence Quantity Shape | Avg. WeiCom 2019 30.61 9.95 2946 1856  32.09 | 23.48 | 23.14
BASIC 21.54 1230 1398 36,52 1386  56.79 | 25.83 | 18.52
Text—only 3.85 6.13 2.60 5.56 0.99 4.57 3.95 FreeDom 13.07 15.37 21.22 19.33 1.60 48.61 19.99 | 15.37
Image-only 1335 751 1582 1579  7.50 15.91 | 12.65
Text + Image 20.94 10.07 1654  16.91 8.75  20.78 | 15.67 L .
Text x Image 21.38 12.98 10.91 1691 1020 2232 | 1578 w6 Quantitative results on xView2-CIR Table 3 reports per-
CompoDiff ~ 19.70 11.32 17.98  17.97 0.67 2036 | 16.17 46 formance on xView2-CIR under the same scene/location
Pic2Word ~ 31.18 1958 1653 11.87  7.88 19.03 | 17.68 tard ; ; ;
+ target state criterion. Unimodal baselines remain weak
SEARLE 1480 1023 1434 1720 831 1651 | 1358 arg ) . . ’
CIReVL 3257 36.45 1533 34.68 13.78 2488 | 26.28 460 While score fusion provides clear gains across both back-
WeiCom 20.63 3045 1119 2113 860 2585 2114 ., hopes. Text + image is consistently reliable, whereas text
BASIC 3551 14.06 1632 2556 1218 21.81 | 20.91 . : . .
FreeDom 41.78 51.34 21.88 38.22 1329 3358 |[33.35 1 X image is more variable across disaster types. Among
a2 composition methods, WeiCom is the most robust overall,
(c) SkyCLIP-50 a3 achieving the best TOTAL score for both OpenAI CLIP and
MetHop  Color Context Density Existence Quantity Shape | Ave. ;. SigLIP, suggesting that calibrated modality fusion is well
IText-onlyI {446408 g-g‘; 137-‘;42 250-6111 é-gs 176-3;2 ‘ 154052 ars suited to identity-preserving change retrieval. In contrast,
mage-only . . . . . . X .
46 FreeDom and BASIC are less effective than on PatternCom,
Text + Image 23.49 12.64 19.54 21.42 1024 21.80 | 18.19 . . . .
Text x Image 37.03 15.84 1624 2399 1290 3151 | 22.92 77 partly because their query-expansion mechanisms can in-
CompoDiff 2059 12.67 1757 2198 1023 2231 | 17.56 *° troduce visually similar but geographically different scenes,
Pic2Word ~ 34.57 21.58 1823 13.09  10.03 21.93 | 19.91 9 which is harmful when relevance depends on scene identity.
EIEQ\?/IL_E ég'gg ;i'gg 13'33 ggéi 194'2329 ;g'gg géz a0 These results show that change-centric RSCIR poses differ-
WeiCom 40.46 38.10 1817 2791 1010 31.52 | 27.71 s ent challenges from attribute-based retrieval and should be
BASIC 3489 1220 16.64 28.98 1232 18.30 | 20.56 I .
FreeDii 749,88 150,477120.717738:007 1458 139.09) | 37.1y ‘> cvaluated as a distinct setting.

483

can transfer to EO imagery to some extent. In contrast, o

continuous inversion and diffusion-based approaches are
generally less competitive. Pic2Word and SEARLE yield
modest gains at best, while CompoDiff is often unstable
and can even underperform the image-only baseline. 48
This suggests that methods relying on synthesized query **
embeddings or pseudo-token inversion are more sensitive to
domain shift in EO imagery.

Overall, PatternCom favors methods that preserve
class identity while injecting attribute-specific textual
cues. Strong textual surrogates and domain-grounded *
vocabularies are therefore particularly beneficial, explaining
the consistent advantage of FreeDom in this setting.
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Qualitative results on PatternCom. In Figure 3, we vi-
sualize representative retrieval outputs on PatternCom with
OpenAl CLIP, comparing unimodal baselines (image-only,
text-only) against two multimodal methods (WeiCom and
FreeDom). The examples clearly illustrate the limitations
of unimodal retrieval. WeiCom generally improves over
unimodal baselines by leveraging both modalities, but it can
still be sensitive to modality dominance depending on the
attribute type. In the activity monitoring example (parking
lot + empty), the retrieved results remain biased toward the
visual layout of the reference image, yielding parking-lot-

+ like structures that do not clearly satisfy the “empty” intent.

In the capacity monitoring example (storage tanks + one),
the textual cue can dominate, pulling results with fewer tanks
that are only loosely aligned with the specific query instance.
In contrast, FreeDom is consistently the most reliable across
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|  Query 1 2

(a)

Image-only

==

(b)

Text-only

=]

I

PRI B 1

v

+[E=]
:

(d)

FreeDom

+[m]
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=]

Figure 3: Qualitative composed retrieval results on PatternCom with OpenAl CLIP. Comparison between unimodal and
multimodal methods. Each query is shown as a reference image combined with a boxed textual modifier. Columns report the
top-2 retrieved results. Retrieval is evaluated under the same class + target attribute value relevance criterion.

all shown cases, producing results that simultaneously re-
spect the query class and the target attribute value, aligning
well with PatternCom’s relevance criterion.

Qualitative results on xView2-CIR. InFigure 4, we visu-
alize qualitative composed retrieval results on xView2-CIR
using OpenAlI CLIP with WeiCom. Unlike PatternCom, rel-
evance in xView2-CIR requires the same scene or location
and the target state (post-event), which exposes a key failure
mode of generic composition: many retrieved images match
the requested disaster state but drift to a different geographic
area with similar visual cues. This is especially apparent
for hurricanes and wildfires, where widespread debris/burn
patterns and textured backgrounds can look plausible across
locations, leading to several off-scene false positives.

Still, WeiCom succeeds in a subset of cases where the
scene has distinctive geometry or landmarks (e.g., road lay-
outs, coastline structure, dense urban blocks), allowing the
query image to anchor location while the text steers the re-
trieval toward the correct post-event state. Overall, the figure

518

519

520

521

highlights that xView2-CIR is less forgiving than attribute-
only benchmarks: effective composed retrieval must jointly
preserve instance identity (same place) while applying a
state change constraint, and methods that lean too heavily
on “state-like” appearance cues tend to retrieve the right
disaster but the wrong scene.

Qualitative results on LEVIR-CC. To illustrate more
applied EO use cases, Figure 5 shows qualitative results
on LEVIR-CC [50] using WeiCom with OpenAl CLIP. As
shown in the examples for building construction and road
construction, the method takes a reference image together
with a change-oriented modifier (e.g., new building) and
retrieves candidate scenes that match the requested change,
under the same location/scene + target state relevance cri-
terion. In these cases, the top retrieved results frequently
correspond to plausible construction changes, suggesting
that composed retrieval can serve as a lightweight interface
for change-focused search in real remote sensing workflows
(e.g., rapid infrastructure monitoring).
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(a) Hurricane (b) Wildfire
1 2 3
o
e 3
| o a
+ |5 A + |1
g e,
3,
(c) Flood (d) Tsunami
aNe ‘o
e A +i| &
(e) Earthquake (f) Volcano
C C
+ J\ + J\

Figure 4: Qualitative composed retrieval results on xView2-CIR with OpenAl CLIP and WeiCom. Each query combines a
pre-disaster reference image with a boxed textual modifier (post-) indicating the target post-event state. We show the top
retrieved post-disaster results per disaster type. Retrieval is evaluated under the same scene/location + target state relevance
criterion, so visually plausible post-event matches from different locations are considered negatives.

(a) Building Construction (b) Road Construction )
N N
: o) . ' o)
/ 1 2 3 \
. -

q &
| gl r )

Figure 5: Qualitative composed retrieval on LEVIR-CC with OpenAl CLIP and WeiCom. Each query is shown as a reference
image combined with a textual change modifier. We report the top retrieved candidates under the same location + target state
relevance criterion.

4.4. Sensitivity and Ablation Analysis s.0 meaningfully to attribute-based retrieval. The main excep-
Impact of A in WeiCom. Figure 6 analyzes the modality- sso tion is color, which peaks at smaller A values, suggesting
control parameter A of WeiCom with RemoteCLIP, where ss: stronger dependence on the visual signal.

A=0 corresponds to image-only and A=1 to text-only re-

60
trieval. Although all main results use a fixed 4=0.5 to avoid —  Color
tuning on PaFternC(?m3 the sepsitivity -analysis shonS that S i C;e::t;
performance is maximized at intermediate values, with the o Existence
best average mAP obtained at A=0.6. Similar trends are T 2 4T Q“;‘:“‘y
observed across backbones, where the optimal A consistently \ AveraZe
| | | | | |

lies away from the unimodal extremes (e.g., A=0.3 for CLIP
LAION-2B). This broad mid-range optimum indicates that
both the visual reference and textual modifier contribute

0 0.1

552

|
02 03 04 0

A

S5 0.

|
6 07 08 09 1

Figure 6: Impact of modality control A in WeiCom with
553 RemoteCLIP on PatternCom. Curves report attribute-wise

mAP (%) as A varies.
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Impact of vocabulary on FreeDom. Figure 7 analyzes
how the textual memory affects FreeDom on PatternCom
with CLIP LAION-2B. Open Images v7 provides strong
performance due to its large and diverse vocabulary of
roughly 21k concepts. However, the EO-specific RSText vo-
cabularies remain competitive despite being much smaller,
with up to 200x fewer entries for RSText-150 and 20x
fewer entries for RSText-1k. This suggests that compact,
domain-grounded vocabularies can provide effective textual
surrogates for EO imagery. The best performance is obtained
by HybridText-23k, which combines Open Images with
RSText-2k, indicating that broad semantic coverage and EO-
specific grounding are complementary.

‘llCoIor Context | 1 Density I i Existence Il Bl Quantity Il ll Shape Il B Average ‘

| |
60 -

47.85
45.68
46.98
48.13

3 Z‘F - g g 3 8
40 |- 5 £ 5 g . is <
S 5 ‘ 1o 2
o & i B M8 K
< 2 . & H B a
£ 20 i ::E I | - | —
ol I g
T T T T
Olv7 RST-150 RST-1k HT-23k
Figure 7: Impact of vocabulary on FreeDom with CLIP

LAION-2B on PatternCom. We compare Open Images v7,
EO-specific RSText vocabularies, and their hybrid combination
Hybrid Text-23k. Bars report mAP (%) per attribute and the
average.

Impact of textual expansion on FreeDom. Figure 8
analyzes frequency-based textual expansion in FreeDom by
disabling visual query expansion (k=1) and varying the
number of aggregated textual concepts (m=n). On Pattern-
Com, increasing m=n improves average mAP from 28.99%
at m=n=1 to 35.89% at m=n=7, with the largest gains
on shape and context. The same moderate-expansion trend
appears on x View2-CIR, where performance improves from
9.59% to 16.84% at m=n=7. In both settings, larger ex-
pansions plateau or degrade, suggesting that overly long
textual surrogates introduce noisy or off-target concepts. The
corresponding xView2-CIR analysis is reported in A.5.

50 T T T T T T

o —@— Color
I N— —_— o
w0l O i Context
:,\c'\ Density
: 30| | Existence
<é Quantity
20 | Shape
—@— Average
10 ! ! ! ! ! !

1 3 5 7
Hyperparameters (k=1, varying m=n)
Figure 8: Impact of textual expansion on FreeDom with CLIP
LAION-2B on PatternCom. Visual expansion is disabled (k=1),
and the number of aggregated textual concepts is varied as
m=n.

10 15

Impact of visual expansion on FreeDom. Figure 9
and 10 analyze visual query expansion in FreeDom by
varying the number of proxy images k while disabling
textual expansion (m=n=1). On PatternCom, visual
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expansion is beneficial up to a moderate range: average
mAP increases from 28.99% at k=1 to 30.41% at k=100,
before dropping to 26.71% at k=1000. This is consistent
with the same class + target attribute criterion, where
nearest neighbors often remain class-consistent and provide
useful attribute evidence, until overly large proxy sets
introduce noisy distractors. In contrast, visual expansion is
harmful on xView2-CIR: Total mAP decreases from 9.59%
at k=1 to 4.51% at k=500. Since xView2-CIR requires
the same scene/location + target state, visually similar
proxies usually correspond to different locations and inject
irrelevant content. This explains why proxy-based expansion
benefits attribute-oriented retrieval but can degrade identity-
preserving change retrieval.

‘ ‘ : : : —a— Color
40 |- '/.—._—._—.\’-\.. B Context
9 Density
= .————.'—‘._._'\‘\. Existence
f(:_ ol | Quantity
Shape
—@— Average
| | | | | 1

1 10 50 100 200 500

Number of proxy images k (with m=n=1)

1000

Figure 9: Impact of visual expansion on FreeDom with CLIP
LAION-2B on PatternCom. The number of proxy images k is
varied while textual expansion is disabled (m=n=1).

~@— Hurricane
Wildfire

B Flood

—@— Total

1 1
10 20 50 100 200

Number of proxy images k (with m=n=1)

500

Figure 10: Impact of visual expansion on FreeDom with
OpenAl CLIP on xView2-CIR. The number of proxy images
k is varied while textual expansion is disabled (m=n=1).

Ablation of BASIC components. We further analyze
the contribution of BASIC components, with full results
reported in A.5. On PatternCom, the largest drops occur
when removing centering or semantic projection, indicating
that modality calibration and semantic subspace alignment
are the main drivers of BASIC’s performance. Harris
weighting, min-based normalization, text contextualization,
and query expansion provide smaller, secondary gains. A
similar trend appears on xView2-CIR, where centering and
semantic projection remain the most important components,
while visual query expansion becomes harmful under
the same scene/location + target state criterion. This
supports the broader finding that proxy-based expansion can
help attribute-oriented retrieval but may degrade identity-
preserving change retrieval.

Sensitivity to text query phrasing. We also evaluate
whether composed retrieval is sensitive to the phrasing of
the textual modifier, with full results reported in A.5. On
PatternCom, the original plain attribute values (e.g., blue,
water, dense) are generally the most reliable, especially for
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stronger multimodal methods. More verbose templates such
as having blue color or with the main object modified to
have blue color often reduce performance, suggesting that
additional function words can dilute the compact attribute
signal in this benchmark.

On xView2-CIR, prompt sensitivity is more dataset-
and method-dependent. Rephrasing post-{disaster} into
impact-oriented or disaster-explicit descriptions (e.g., burned
area, flooded fire-affected region) can benefit
methods that rely more strongly on semantic text structure,
particularly BASIC. Overall, these results indicate that
prompt phrasing is an important practical factor: compact
modifiers are preferable for controlled attribute edits,
whereas change-centric retrieval may benefit from more
descriptive event semantics.

area,

4.5. Discussion

Generalization across backbones and EO adaptation.
Our benchmark suggests that both remote-sensing adap-
tation and general VLM quality matter for RSCIR. RS-
adapted CLIP variants, such as RemoteCLIP, CLIP LAION-
RS, and SkyCLIP-50, often improve over generic CLIP-style
backbones under the same protocol. However, the gains from
domain adaptation can be comparable to, or smaller than, the
gains obtained by using stronger general-purpose backbones
and training objectives, such as SigLIP. This indicates that
advances in VLM architecture, pre-training data, and loss
design transfer directly to composed retrieval in EO imagery.
Consequently, future RSCIR systems should consider both
EO-specific adaptation and improvements in general VLM
representation quality.

Scalability and deployment trade-offs. The results show
that training-free composition methods provide strong base-
lines for EO retrieval. FreeDom is the strongest method on
PatternCom, while WeiCom and BASIC remain competitive
lightweight alternatives. This is important for operational
EO systems, where latency, scalability, and engineering
complexity matter alongside accuracy. CIReVL can be effec-
tive, but requires image captioning and LLM-based rewrit-
ing, introducing additional computational cost and possible
failure modes. In contrast, score-fusion or feature-calibration
methods such as WeiCom and BASIC are simpler to deploy
over large archives. Supervised multimodal heads such as
MagicLens also transfer to EO imagery to some extent, but
their performance may remain limited without training on
remote-sensing compositional data.

Attribute-based and change-centric RSCIR require
different mechanisms. The contrast between PatternCom
and xView2-CIR shows that change-centric RSCIR should
be treated as a distinct retrieval setting rather than a
direct extension of attribute-based retrieval. PatternCom
rewards methods that preserve class identity while
injecting attribute-specific textual cues, which explains the
strong performance of vocabulary-based methods such as
FreeDom. In xView2-CIR, however, relevance requires the
same scene/location and a target post-event state. This makes
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proxy-based visual expansion less reliable, because visually
similar images often correspond to different locations and
can dilute the scene-identity signal. These findings suggest
that methods designed for attribute editing may not directly
transfer to identity-preserving change retrieval.

Role in operational EO workflows. RSCIR is not a re-
placement for pixel-level change detection, damage assess-
ment, or rapid mapping. Instead, it provides a comple-
mentary interface for controllable archive exploration and
rapid evidence gathering. In practical workflows, composed
retrieval can support location-aware search, retrieval of visu-
ally similar historical cases, analyst-in-the-loop exploration,
quality control through hard-negative discovery, and weak
supervision for downstream change models. This is espe-
cially useful when dense annotations, perfect co-registration,
or complete temporal coverage are unavailable.

Interpretability and analyst interaction. Interpretability
is also important for EO deployment. Methods based on
explicit textual memories, such as FreeDom, provide human-
readable surrogate concepts for the visual query, making it
easier to inspect which semantic cues drive retrieval. Score-
fusion methods such as WeiCom expose the relative contri-
bution of image and text through the modality weight, while
BASIC highlights the role of feature calibration and seman-
tic projection. Such properties can help analysts diagnose
whether failures arise from excessive visual dominance,
weak text grounding, or scene-identity drift.

Sensitivity to text phrasing. Prompt phrasing is a prac-
tical factor in composed retrieval. On PatternCom, compact
attribute modifiers such as blue, water, or dense are generally
most effective, whereas verbose templates can dilute the
attribute signal. In contrast, xView2-CIR can benefit from
more descriptive, impact-oriented formulations, particularly
for methods that rely more strongly on semantic text struc-
ture. This suggests that prompt design should be treated as
part of the retrieval system: short modifiers are suitable for
controlled attribute edits, while change-centric settings may
require more explicit event or impact descriptions.

5. Limitations

This study has several limitations. First, although
xView2-CIR extends RSCIR toward operationally relevant
change-centric retrieval, it remains relatively small and
imbalanced, especially for rare disaster categories; results
on these categories should therefore be interpreted as
indicative rather than definitive. Second, our evaluation
focuses on image-level retrieval and does not address finer-
grained localization or dense temporal search. Third, some
composition methods are more naturally tied to specific
backbones or representation spaces, which limits strict
cross-backbone comparability. Finally, prompt design and
auxiliary vocabularies influence performance, particularly
in change-centric scenarios, and require more systematic
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study. We therefore view this work as a benchmark-and-
analysis foundation for RSCIR rather than a final solution to
composed retrieval in Earth observation.

787
788
789
790

791

6. Conclusion

We studied remote sensing composed image retrieval
(RSCIR), where a query combines a reference image ™
with a textual modifier to express targeted retrieval intent.
We established a unified benchmark on PatternCom with
domain-grounded adaptations of representative composition
methods and a standardized protocol spanning six vision—
language backbones. To connect benchmarking with oper-
ational EO needs, we introduced xView2-CIR, a change-
centric benchmark for disaster and damage monitoring,
where retrieval requires both scene identity and a target
post-event state.

Our experiments show that stronger vision—language
backbones transfer directly to RSCIR, and that training-
free composition strategies can be highly effective in EO
settings. FreeDom achieves the strongest performance on
PatternCom, while lightweight methods such as WeiCom
and BASIC remain competitive and attractive for practical
deployment. At the same time, xView2-CIR reveals that
change-centric retrieval differs substantially from attribute-
based editing: preserving scene identity changes the method
ranking and exposes weaknesses in proxy-based expansion
strategies.

Overall, our results position RSCIR as a practical com-
plement to standard RSIR and change-analysis pipelines,
especially when analysts need controllable, semantically
guided access to large EO archives. Future work should
expand change-centric benchmarks, study prompt and vo-
cabulary design more systematically, and connect scene-
level composed retrieval with finer-grained localization and
temporal reasoning.
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7. Data and Code Availability Statement

The code and data supporting the findings of this study
are publicly available at https://github.com/billpsomas/
rscir. PatternCom is based on publicly available source
data. The proposed xView2-CIR benchmark and the scripts
used for data preparation, evaluation, and reproduction of
the reported results are also provided in the repository.
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Appendix

A. Additional Experiments

A.1. Dataset statistics

Table 4 reports the detailed statistics of PatternCom,
including the number of composed queries and positives for
each attribute type, class, and target value. These statistics
highlight the variability in the number of positives across
attribute values, motivating the use of attribute-balanced
macro-averaged mAP in the main evaluation.

Table 4

PatternCom statistics. Breakdown by attribute type, class, and
attribute value. #Queries denotes the number of composed
queries where the query text specifies the corresponding target
value, and #Positives denotes the number of database images
that satisfy the relevance criterion (same class and target
attribute value).

ATTRIBUTE CLass VALUE #QUERIES 7 PosITIVES
airplane white 53 672
P purple 672 53
nursing home white 383 85
gray 85 383
color crosswalk white 388 412
yellow 412 388
blue 287 339
brown 624 2
tennis court gray 576 50
green 415 211
red 602 24
. concrete 800 800
context bridge water 800 800
. . . sparse 800 800
density residential dense 800 800
arkin with cars 653 947
existence P € without cars 947 653
er with boats 255 1345
P without boats 1345 255
one 261 356
two 498 119
storage tank three 552 65
four 540 7
one 78 724
. two 758 44
tit
quantity wast. tr. plant three 792 10
four 778 24
one 383 340
two 437 286
basketball court three 702 21
half 662 61
two-halfs 708 15
rectangular 299 261
swimming pool oval 508 52
kidney-shaped 313 247
h
shape ver curved 623 177
straight 177 623
road cross 800 800
round 800 800

Table 5 reports the statistics of xView2-CIR. This dataset
should be viewed as a first evaluation benchmark for change-
centric RSCIR rather than a complete operational disaster-
monitoring dataset. Some disaster categories are small,
which motivates reporting both macro-averaged and overall
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Table 5

xView2-CIR statistics. Number of composed queries per dis-
aster type and associated textual modifier. #Queries denotes
the number of pre-event composed queries. Each query has
exactly one positive match (the post-event image of the same
location under the target disaster), hence #Positives = 1 per
query.

DISASTER TEXT QUERY # QUERIES #PosITIVES
hurricane post-hurricane 147 1
wildfire post-fire 98 1
flood post-flood 28 1
tsunami post-tsunami 9 1
earthquake post-earthquake 5 1
volcano post-volcano 4 1

metrics and cautions against over-interpreting fine-grained
differences on rare categories.

A.2. Vision-language backbones
We evaluate six vision—language models, all using a ViT-
L/14 visual backbone:

o CLIP LAION-2B: A CLIP model trained on LAION-
2B [73], a dataset of 2.3 billion web-collected
image—text pairs. We use the publicly released
laion2b_s32b_b82k checkpoint from OpenCLIP [16].

e RemoteCLIP [51]: A remote-sensing-adapted CLIP
model initialized from OpenAl CLIP [67] and fine-
tuned on image—text pairs derived from annotated
remote sensing datasets using synthetic captions.

e OpenAl CLIP [67]: The original CLIP model re-
leased by OpenAl, trained on 400M web image—text
pairs.

e SigLIP [105]: A vision—language model trained with
a sigmoid-based contrastive loss instead of the stan-
dard softmax contrastive loss. We use the SigLIP
model trained on WebLlI.

e CLIP LAION-RS [94]: A remote-sensing-adapted
CLIP model initialized from OpenAl CLIP and fine-
tuned on LAION-RS, a 726K-image remote sensing
subset of LAION-2B.

e SkyCLIP-50 [94]: A remote-sensing-adapted CLIP
model initialized from OpenAl CLIP and fine-tuned
on SkyScript-50. SkyScript-50 contains 2.6M image—
text pairs constructed by linking geo-referenced satel-
lite imagery from Google Earth Engine [24] with
OpenStreetMap [27] annotations.

A.3. Vocabulary construction

Some evaluated methods rely on a vocabulary or textual
memory. To better align these methods with EO semantics,
we generate a family of remote-sensing-specific vocabu-
laries, denoted as RSText, using the prompt shown below.
We use vocabularies of different sizes in the analysis and
construct HybridText-23k by merging RSText-2k with Open
Images v7.
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Vocabulary generation prompt 1240

1241
I need a fine-grained, diverse vocabulary list suit-

able for detailed land-use/land-cover (LULC), re-
mote sensing, and object-detection datasets. The vo-
cabulary should be explicitly descriptive, detailed,
and balanced across multiple thematic categories,
including but not limited to:

1242
1243
1244
1245

1246

1247

e Urban infrastructure 1248

e Cultural and historical sites 1249

1250

e Recreational and tourism areas 1251

1252

e Transportation and logistics 1253

e Construction and housing 12
1255
e Education and healthcare 1256
1257
e Natural features and ecosystems

e Biodiversity and wildlife habitats e

1259

e Sustainability initiatives and eco-friendly  |*°

technologies 1261

1262
e Agriculture, farming, and traditional land-use

practices

1263
1264
. . . 1265
e Marine and aquatic environments
1266

1267

Each vocabulary entry should ideally be short (1-4
words), clear, explicit, self-contained, and suitable
for remote sensing imagery annotation. Provide vo-
cabulary entries systematically in batches of 100,
carefully ensuring thematic diversity and granularity
until a total of at least 2000 entries is reached.

1268

A.4. Additional details for adapted methods

This section provides additional implementation details
for the adapted composed image retrieval methods evaluated
in the main paper. Unless otherwise stated, we follow the
official implementations or default settings from the original
papers and introduce only the minimal adaptations needed
for EO imagery.

CompoDiff is a compositional diffusion framework [69]
that samples an image-conditioned text embedding via a de-
noising diffusion process in the joint CLIP embedding space.
Sampling is conditioned on (i) the query image embedding,
(ii) the composed text prompt (e.g., red {*}), and (iii) a nega-
tive prompt (e.g., low quality). We evaluate CompoDiff in its
native configuration and, where applicable, under the hybrid 1260
protocol described above. To better preserve identity/class
information, we blend the sampled embedding with the
original image embedding using a source weight parameter. "
We report results with 10 diffusion steps and source weight "
0.4.

1270

271

I

1273

1274

Pic2Word learns a lightweight MLP that maps image em-
beddings to a textual embedding suitable for composition,
enabling image-to-text inversion with a single forward pass.
For retrieval, we use the template {attribute_value} {*},
where * denotes the inverted image token. We evaluate
Pic2Word in its standard setting and, when relevant, under
the hybrid protocol described above.

SEARLE performs test-time textual inversion by optimiz-
ing a pseudo token such that its text-encoder embedding
matches the query image embedding, regularized by an
LLM-guided loss. To ground SEARLE in RS, we replace the
Open Images v7 [40] vocabulary with our domain-specific
HybridText-23k vocabulary and use the RS-adapted prompt
template a satellite image of {concept} that. For retrieval,
we use the composed text template {attribute_value} {$J},
where the attribute value (e.g., red) modifies the learned
placeholder token $. We report results with 200 optimization
steps, learning rate 0.002, and GPT-loss weight Agpr=0.25.

CIReVL is acaption-guided composition pipeline that con-
verts the query image into text and then edits it to reflect
the modifier. It consists of: (i) captioning the query image,
(i) editing the caption with an instruction-tuned LLM given
the textual modifier, and (iii) encoding the edited description
with the retrieval backbone for text-to-image search. We use
BLIP-2 [43] (blip2-opt-2.7b) as the captioner and LLaMA-
2 7B [86] (Llama-2-7b-chat-hf) as the editor. To ground
CIReVL to PatternCom, we design a domain-specific modi-
fier prompt covering the six attribute types to enforce faithful
attribute changes while preserving scene semantics.

CIReVL modifier prompt for PatternCom

You are given a high-resolution satellite image cap-
tion describing the “Image Content”’, along with
a single-word “Instruction” that specifies a mod-
ification to apply to the scene. Generate a com-
plete, natural-language “Edited Description” that in-
tegrates the modification while preserving all other
aspects of the original content. The instruction will
always belong to one of six attribute types: color,
context, density, existence, quantity, shape. Example
(shape):

e Image Content: a satellite image of a rectan-
gular swimming pool in a resort.

e Instruction: oval

e Edited Description: a satellite image of an
oval swimming pool in a resort.

\. J

MagicLens augments an OpenAl CLIP backbone with a
transformer based compositional head trained for image—text
composition under supervised triplets. We use the official
pretrained model (ViT-L/14) and apply it directly to both
queries and database images, without additional adaptation.
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Retrieval is performed using the joint embeddings produced 1318
by the MagicLens head.

1319

1320
WeiCom is a training-free score-fusion approach that com- ,,,

bines image-to-image and text-to-image similarities after ,,,
calibrating them to a comparable scale. We report results
with 4=0.5, corresponding to equal modality contribution. 132

1324
BASIC is a training-free composition method that .,

combines image-to-image and text-to-image similarities
after centering and semantic projection, optionally applying ,,,,
image-side query expansion, and fusing modalities with a,,,
Harris-regularized multiplicative score. To ground BASIC ,,,,
in RS, we augment C, with RSText-150. We report results 55,
using 250 principal components for the semantic projection, ;..
contrastive scaling =0.2, query expansion with 25 nearest
neighbors, and Harris regularization weight Ag,;,=0.1.

FreeDom is a memory-based textual inversion method that
constructs an interpretable text representation of the query
image using a large vocabulary and proxy-image expansion.
Given a query image and text, it first retrieves k proxy images
via image similarity, then retrieves the top-n vocabulary
labels per proxy, and retains the most frequent m labels 133
overall. Each retained label w is composed with the modifier
using {attribute_value} {w}, and the resulting text embed-
dings are fused by frequency-weighted averaging to form the
final query representation. We ground the textual memory
to remote sensing using HybridText-23k. We report results e
using k=20, n=7, and m=7. e
The evaluated methods span a broad deployment spec- e
trum: some are fully training-free and lightweight at infer- =
ence (e.g., WeiCom, BASIC), some require large auxiliary o
vocabularies or proxy retrieval (e.g., FreeDom), some rely e
on captioning and LLM editing (e.g., CIReVL), and others o
incur heavier per-query optimization or sampling cost (e.g., o
SEARLE, CompoDiff). This diversity is important when
assessing their suitability for operational EO archives.

36

40

~@— Hurricane
30 . Wildfire
S Flood
: 20 N Tsunami
<é ./._’/,’,,_.%6: Earthquake
10 . Volcano
—@— Total 1342
0 ! ! ! |

1 3 5 7 10 15
Hyperparameters (k=1, varying m=n) 1343
Figure 11: Impact of frequency-based textual expansion on
FreeDom with OpenAl CLIP on xView2-CIR with k=1 and
increasing m=n. Aggregating multiple textual labels improves
mAP across most disaster types, especially hurricane and s,
wildfire. Performance peaks at m=n=7, after which further

expansion yields diminishing returns.

1345
1346
1347
A.5. Additional sensitivity and ablation analyses ..
Textual expansion on xView2-CIR. Figure 11 comple- s
ments the main-paper analysis of FreeDom textual expan- s
sion by reporting results on xView2-CIR. Visual expansion 35
is disabled (k=1), while the number of aggregated textual

concepts is varied as m=n. Moderate textual expansion
improves performance, with the best Total score obtained
at m=n=7. Larger expansions provide diminishing returns,
suggesting that overly long textual surrogates can introduce
noisy or off-target concepts.

CompoDiff hyperparameter sensitivity. Figure 12 an-
alyzes CompoDiff sensitivity to the number of diffusion
timesteps ¢ and the source weight used to mix the refer-
ence image with the generated proxy. Performance improves
when moving from very small source weights to the mid-
range (0.3-0.5), indicating that both the original image and
the generative signal are useful for composition. Moderate
diffusion budgets (r=10-20) are generally sufficient, while
larger budgets provide limited additional gains.

Average mAP (%)

L | | | |
0.1 0.2 0.3 0.4 0.5

Source weight

Figure 12: CompoDiff hyperparameter sweep with SkyCLIP-

0.6

s 50 on PatternCom. We report average mAP as a function of

source weight for different numbers of diffusion timesteps.

. SEARLE hyperparameter sensitivity. Figure 13 evalu-
s ates SEARLE under different learning rates, inversion steps,

and GPT mixing coefficients Agpt. Performance is relatively

7 stable around Agp1=0.25 and moderate learning rates, while
ss very small learning rates degrade results. Larger GPT mix-

ing does not provide consistent gains. Overall, SEARLE is

o moderately sensitive to optimization settings but remains
1 stable around prior-work defaults.

126 [7 B
S
o 124 o
E —@— JGpT =025 (steps=200)
Y 122 - JGPT = 0.5 (steps=200)
g ®  AgpT =05 (steps=350)
s 12|
< |
| | |
0.0002 0.002 0.007 0.02

Learning rate
Figure 13: SEARLE hyperparameter sweep with CLIP LAION-
2B on PatternCom. We report average mAP as a function
of learning rate, number of inversion steps, and GPT mixing
coefficient Agpr.

Ablation of BASIC components Table 6 and 7 analyze
the contribution of BASIC components on PatternCom and
xView2-CIR. Across both datasets, removing centering or
semantic projection causes the largest drops, showing that
modality calibration and semantic subspace alignment are
the main drivers of BASIC’s performance. Other compo-
nents, including Harris weighting, min-based normalization,
text contextualization, and query expansion, provide smaller
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Table 6

BASIC component ablation on PatternCom with OpenAl CLIP. We report attribute-wise and average mAP (%) when removing
components from the full pipeline: mean centering (Cen.), min-based normalization (Norm.), Harris weighting (Har.), text
contextualization (Con.), semantic projection (Proj.), and query expansion (Q. Ex.).

Cen. Norm. Har. Con. Proj. Q. Ex. ‘ Color Context Density Existence Quantity Shape\ Avg.

v v v v v/ |3831 24
v v x v /| 3669 22
v x x v v/ | 2657 30
v v VR B /| 3460 24,
v v v X /oo 2322 24
X v ooV v v/ |2890 18
v v ooV v x |3716 24

53 26.35 30.94 18.03 35.73 | 28.98
87 24.34 28.40 16.14 32.74 | 26.86
51 24.63 11.93 26.08 23.27 | 23.83
56 19.17 12.81 26.44 17.03 | 22.44
41 18.97 3.11 24.40 20.19 | 19.05
95 22.77 8.02 12.57 16.33 | 17.92
51 24.93 28.62 16.57 34.22 | 27.67

Table 7

BASIC component ablation on xView2-CIR with OpenAl CLIP. We report disaster-wise mAP (%), macro-average mAP (Avg.),
and overall mAP (Total) when removing components from the full pipeline. Component abbreviations follow Table 6.

Cen. Norm. Har. Con. Proj. Q. Ex.‘Hurricane Fire

Flood Tsunami Earthquake Volcano | Avg. | Total

v v v v v 936 774 754  19.52 118 13.96 | 9.88 | 8.88
v v S x 2271 1849 1459  46.15 1.69 50.20 | 27.14 | 21.38
v v x v oV x 2116  17.45 14.60  47.63 1.79 51.04 | 25.61 | 20.18
v x x v v x 1639  17.08 1111  29.13 1.14 64.17 | 23.17 | 16.90
v v Y x 1848  16.69 14.38  32.37 2.62 57.25 | 23.63 | 18.17
v v VR | x 16.03  14.74 13.68  24.25 1.26 50.01 | 21.49 | 15.96
X v v v x 068 071 124  17.02 1.39 629 | 456 | 1.34
and more dataset-dependent gains. Notably, query expan- Table 8

sion is harmful on xView2-CIR, where relevance requires
the same scene/location and visually similar proxies often
introduce off-location evidence. Overall, BASIC’s gains pri-
marily come from representation calibration and semantic
projection, while auxiliary heuristics play a secondary role.

A.6. Sensitivity to text query phrasing

We study how composed retrieval methods respond to
alternative textual formulations of the modifier. For Pat-
ternCom, we test three templates applied to each attribute
value v: R1 uses a being formulation (e.g., being blue,
being rectangular-shaped); R2 uses a having formulation
(e.g., having blue color, having rectangular shape); and R3
uses longer, relational descriptions such as with the main
object modified to have blue color Or with the main object
modified to have rectangular sha pe. As shown in Table 8,
the original plain attribute word (e.g., blue, water, dense) is
generally the most reliable choice, especially for stronger
multimodal methods. More verbose templates tend to reduce
performance, suggesting that additional function words can
dilute the compact attribute signal.

For xView2-CIR, the plain query is post-{disaster},
while R1 uses impact-oriented rephrasing (e.g., burned area,
flooded area) and R2 uses disaster-explicit formulations
(e.g., fire-affected region, seismic damag e). As shown
in Table 9, prompt sensitivity is more method-dependent in
this change-centric setting. More descriptive formulations
can benefit methods that rely more strongly on semantic ***
text structure, particularly BASIC, while other methods are **
more sensitive to distribution shifts introduced by reword-
ing. Overall, these results indicate that prompt design is

1383

1384

Text query rephrasing on PatternCom with CLIP LAION-2B.
We report average mAP (%) for the original modifier (Plain)
and three rephrased variants (R1-R3).

METHOD ‘ Average

| Plain R1 R2 R3
Text-only 5.57 9.16 7.07 3.52
Text+Image | 16.41 17.70 17.48 15.10
TextxImage | 21.00 19.03 21.58 16.76

WeiCom 21.75 20.86 23.31 16.38
BASIC 16.47 17.50 17.73 17.34
FreeDom 38.59 33.06 31.48 29.53

Table 9

Text query rephrasing on xView2-CIR with OpenAl CLIP. We
report macro-average mAP (Average) and overall mAP (Total)
for the original query (Plain) and two rephrased variants (R1-
R2).

METHOD | Average | Total
| Plain Rl R2 | Plain Rl  R2

Text-only 7.57 453 430 2.97 1.76 2.06
Text+Image | 17.73 15.27 15.63 | 12.14 9.14 10.22
TextxImage | 25.94 1497 12.13 | 16.35 10.38 9.65
WeiCom 30.67 24.39 19.22 | 21.40 1258 13.13
BASIC 27.14 1739 17.36 | 21.38 18.56 18.17
FreeDom 17.23 986 11.98 | 16.84 10.83 12.19

dataset- and method-dependent: compact modifiers are ef-
fective for controlled attribute edits, whereas change-centric
retrieval may benefit from more explicit event or impact
descriptions.
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