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Supplementary Material

1. Overview

This supplementary material provides further details for
the proposed dataset GeoSeg-1M and benchmark GeoSeg-
Bench, as well as the proposed model UniGeoSeg. These
details were omitted from the main body of the paper due to
space constraints.

The supplementary material is organized as follows:
• Section 2. Details of the GeoSeg-1M Dataset Creation.
• Section 3. Statistics and Additional Samples of GeoSeg-

1M.
• Section 4. More Details about GeoSeg-Bench.
• Section 5. More Details about Experiments.
• Section 6. Additional Examples of Model Predictions.
• Section 7. Evaluating UniGeoSeg with Alternative Lan-

guage Model.
• Section 8 Datasheets for GeoSeg-1M and GeoSeg-Bench.

2. Details of the GeoSeg-1M Dataset Creation

2.1. Data Sources of GeoSeg-1M
To construct GeoSeg-1M, we aggregate a wide range
of publicly available remote-sensing datasets that provide
pixel-level or region-level annotations across diverse spa-
tial resolutions, geographic regions, and semantic cate-
gories. These datasets collectively supply the raw im-
ages and masks from which our unified multimodal cor-
pus is built. Below, we summarize the data sources used in
GeoSeg-1M and provide brief descriptions of each dataset.

Chesapeake Land Cover [20] provides a high-
resolution (1 m) land-cover classification for the Chesa-
peake Bay watershed, covering regions in Maryland, Vir-
ginia, West Virginia, Pennsylvania, Delaware, and Wash-
ington D.C. The dataset includes raster layers derived from
NAIP (Red, Green, Blue, NIR) imagery as well as Landsat-
8 bands, with land-cover labels for classes such as water,
tree canopy / forest, low vegetation, barren land, other im-
pervious surfaces, roads, and no-data. The data was pro-
duced in collaboration between the Chesapeake Conser-
vancy and USGS, and reflects coverage for multiple epochs
(2013/2014, 2017/2018, and 2021/2022) with detailed land-
use and land-cover change products.

DeepGlobe [7] dataset originates from the DeepGlobe
2018 Satellite Image Understanding Challenge and includes
a land-cover segmentation track. For the segmentation /
land-cover component, it provides 803 RGB satellite im-
ages of size 2448 × 2448 pixels with a ground sampling
distance of approximately 0.5 m. The annotation consists
of seven land-cover classes, including urban, agriculture,

rangeland, forest, water, barren, and unknown.
FLAIR [8] is a country-scale land-cover semantic seg-

mentation dataset for France. It is built from multi-source
optical imagery with 20 cm ground sampling distance, and
contains more than 20 billion labeled pixels across more
than 817 km² of aerial acquisitions. In addition to spatial
data, FLAIR integrates temporal and spectral information
from satellite time series, providing fine-grained annota-
tions for land-use monitoring and segmentation research.

GID-15 [30] is a large-scale semantic segmentation
dataset based on Gaofen-2 satellite images. It consists
of 150 GF-2 images with pixel-level annotations covering
15 land-cover classes. The dataset provides two types of
ground-truth format: .png (grayscale labels) and .tiff (RGB
palette), to facilitate different usage scenarios.

Globe230K [22] is a globally distributed land-cover
dataset consisting of approximately 232,819 image tiles of
size 512×512 pixels. The tiles have a 1-m ground sampling
distance and are annotated with a set of land-use/land-cover
categories covering diverse geographic regions.

LoveDA [28] is a semantic segmentation dataset con-
structed from 0.3 m spatial-resolution images collected via
the Google Earth platform. It covers both urban and ru-
ral regions, providing scenes of varied spatial layouts. The
dataset includes six foreground classes, and offers pixel-
level annotations for all categories.

MiniFrance [4] is a very-high-resolution aerial seman-
tic segmentation dataset released for the IEEE Data Fusion
Contest 2022 (DFC2022). It contains approximately 2,000
VHR images annotated with 12 land-use/land-cover classes,
based on the Urban Atlas project. The training split of
MiniFrance includes both labeled and unlabeled images to
support semi-supervised learning.

Potsdam [1] is a benchmark aerial segmentation dataset
consisting of 38 orthorectified tiles, each of size 6000×6000
pixels, acquired with a ground sampling distance of 5 cm.
The images include four spectral bands (R, G, B, NIR), and
the corresponding ground-truth labels cover six semantic
categories: impervious surfaces, buildings, low vegetation,
trees, cars, and background/clutter.

Vaihingen [1] is an aerial semantic segmentation dataset
composed of 33 image patches, captured at a ground sam-
pling distance of 9 cm. The dataset provides both true or-
thophotos and corresponding digital surface models, and
its annotated classes include six categories: impervious
surfaces, buildings, low vegetation, trees, cars, and clut-
ter/background.

Five-Billion-Pixels [25] is a land-cover classification
dataset derived from Gaofen-2 satellite imagery with a spa-



tial resolution of 4 m. It contains more than five billion
labeled pixels distributed across 150 large-area scenes and
is annotated with 24 land-cover classes.

FAIR1M [24] is a large-scale fine-grained object detec-
tion dataset in high-resolution remote sensing imagery. It
contains over 15,000 images with a spatial resolution be-
tween 0.3 m and 0.8 m, collected from Gaofen-2 satel-
lites and Google Earth. The dataset comprises more than
1 million object instances, annotated with rotated bounding
boxes across 5 main categories (airplanes, ships, vehicles,
courts, roads) and 37 sub-categories.

DIOR [10] is a large-scale object detection dataset
comprising 23,463 remote-sensing images annotated with
192,472 object instances from 20 categories. The images
exhibit variations in viewpoints, scenes, and spatial res-
olutions, and each object is annotated using axis-aligned
bounding boxes.

DOTA [29] is an aerial image dataset for object detection
containing 2,806 images with sizes ranging from 800×800
to 4000×4000 pixels. It includes 188,282 annotated object
instances from 15 categories, where each object is labeled
with a bounding box allowing arbitrary orientations.

For FAIR1M, DIOR, and DOTA, which provide region-
level annotations in the form of bounding boxes rather
than pixel-level masks, we convert the box annotations into
segmentation masks using the procedure of SAMRS[27].
This conversion allows all region-level annotations from
FAIR1M, DIOR, and DOTA to be integrated into our uni-
fied pixel-based segmentation framework.

RRSIS-D [14] consists of 17,402 image–text–mask
triplets intended for the referring segmentation task in re-
mote sensing. The images in RRSIS-D have a size of
800×800 pixels, covering a variety of ground sampling dis-
tances (from 0.5 m to 0.3 m), and the dataset includes 20
object categories described in natural-language expressions.

EarthReason [11] is a benchmark for a novel remote-
sensing task called geospatial pixel reasoning. The dataset
contains 5,434 manually annotated image masks and over
30,000 implicit question-answer pairs, where each question
describes a target region in an image in a reasoning style
rather than direct naming. The dataset supports implicit
querying, requiring models to infer masks from contextual
and spatial clues rather than explicit instructions.

RemoteSAM-270K [31] is a large-scale generalized re-
ferring expression segmentation dataset for remote sensing,
consisting of 270K image-text-mask triplets. It covers 297
object categories and 16 fine-grained attribute types with
an average of 3.17 attributes per sample, supporting multi-
target, no-target, and single-target expressions.

2.2. Data Pre-processing of GeoSeg-1M
The raw data used to construct GeoSeg-1M originate from
multiple remote sensing benchmarks with substantial varia-

tions in spatial resolution, sensor characteristics, annotation
formats, and category taxonomies. These datasets typically
provide large aerial images paired with semantic segmen-
tation masks encoded in heterogeneous ways (e.g., indexed
masks, palette masks, or RGB-encoded labels). Such in-
consistencies make unified processing and subsequent mul-
timodal instruction generation difficult. To ensure com-
patibility across sources and create a standardized corpus
suitable for multimodal segmentation, we perform a unified
preprocessing pipeline on all images and masks.

Patch Extraction. We adopt a sliding-window strategy
to extract fixed-size patches from both images and masks.
Each image is divided into patches of 512 × 512 pixels with
a stride of 256. The corresponding masks are cropped using
identical window parameters to maintain spatial alignment.

Mask Standardization. All annotations are converted
into single-channel categorical masks with integer IDs. Re-
gardless of the original encoding format, every pixel is
mapped to a unified category index. This enables uniform
downstream parsing while preserving the semantics of each
dataset. We then consolidate all category label definitions
into a unified taxonomy. Through synonym merging, we
produce a standardized set of 117 semantic categories. This
harmonization ensures that patches originating from differ-
ent datasets share a consistent semantic space and can be
used jointly for training a single segmentation model.

Instance Candidate Extraction. To support object-
centric instruction-driven tasks such as referring segmen-
tation, we further decompose the semantic masks into
instance-level candidates. Since most remote sensing
datasets provide class-wise semantic masks rather than in-
stance annotations, we apply connected-component analy-
sis (using 8-connectivity) to each semantic category map.
Each connected region is treated as a potential instance
for subsequent evaluation and instruction generation. Only
minimal sanity checks—such as removing extremely tiny
isolated regions or invalid labels—are applied at this stage;
the full quality assessment is deferred to the mask filtering
pipeline described in the next subsection.

This preprocessing stage yields a unified collection of
standardized image patches, normalized masks, harmonized
categories, and instance-level region proposals, which to-
gether form the basis for the subsequent high-quality mask
filtering and instruction construction procedures.

2.3. Mask Filtering of GeoSeg-1M
After obtaining instance-level region proposals from
connected-component decomposition, we perform a two-
stage mask filtering pipeline to ensure that only high-
quality, semantically meaningful regions are preserved for
instruction generation. This process is designed to remove
noisy, ambiguous, or low-value regions that commonly
arise from fragmented masks and inconsistent labeling in



Figure 1. The three mask marking strategies we tried in model-based mask filtering. (a) Boundary-only highlight. (b) Semi-transparent
filled-mask overlay. (c) The original image and the binary mask

Figure 2. The prompt of InternVL3 for mask filtering. The images marked with ✓ in the top-right corner are retained, as their mask regions
exhibit clear semantic structure, while the images marked with × in the bottom-right corner are filtered out due to ambiguous semantics.

remote sensing datasets.

Rule-Based Filtering. In the first stage, we apply rule-
based filtering guided by geometric and contextual con-
straints. Each instance mask must occupy between 0.5%
and 70% of the patch area; extremely small regions pro-
vide insufficient visual cues while excessively large ones
often cover entire landcover zones that are unsuitable for
instruction-driven segmentation tasks. To avoid ambiguity
in referring and reasoning tasks, instances from the same
category are restricted as follows:

(i) Each region must not belong to a category with more

than six instances in the same patch, preventing confusion
when many small, similar objects cluster together.

(ii) For each candidate region, no other instance of the same
category may lie within a 15-pixel radius, ensuring that
fragmented or closely adjacent subregions are not incor-
rectly treated as distinct objects.

(iii) To maintain dataset diversity and prevent over-
representation of dominant classes, at most two instances
per category in each patch are randomly sampled to enter
the next evaluation stage. These constraints effectively sup-
press low-quality regions while preserving category variety



Figure 3. The prompt of GPT-4o for attribute reasoning instruction generation.

across the dataset.
Model-Based Filtering. In the second stage, we per-

form a model-based assessment using InternVL3 to further
evaluate whether each region can serve as a meaningful
standalone segmentation target. Rather than feeding raw bi-
nary masks—which completely fill the region and obscure
internal appearance—we generate an outline-based visual-
ization that draws a thin contour around the candidate re-
gion while preserving all underlying image content. This
representation keeps both the object and its surroundings
fully visible, providing richer cues for quality assessment.

Before settling on this approach, we tried three mask
marking strategies: (i) boundary-only highlighting, (ii)
semi-transparent filled-mask overlays, and (iii) supplying
the original image and the mask as separate inputs, as shown
in Fig. 1. Human inspection and initial model responses
indicated that boundary-only visualization offers the most
reliable evaluations. Filled overlays tend to partially hide
texture and boundary details, while separate-mask inputs
reduce contextual awareness. In contrast, the outline-based
representation maintains precise localization cues without
compromising scene context. Using this visualization, In-
ternVL3 is prompted to judge semantic soundness, visual

distinctiveness, and unambiguous localization of the region,
based on the instruction shown in Fig. 2. Only regions vali-
dated by the model proceed to instruction construction.

Together, this two-stage filtering pipeline substantially
improves annotation quality by removing ambiguous, noisy,
or low-information regions and ensuring that the retained
masks correspond to visually clear, contextually meaning-
ful, and well-defined objects suitable for instruction-driven
segmentation tasks.

2.4. Reasoning Instruction Generation
To construct high-quality reasoning instructions, we design
a multi-stage pipeline that selects category-diverse images,
differentiates attribute reasoning from contextual reasoning
cases, and employs both GPT-4o and open-source VLMs
for generation and cross-evaluation, respectively.

Semantic Diversity Filtering. We first ensure that the
images entering this stage possess sufficiently diverse se-
mantic content. For each dataset, we compute the empirical
distribution of object categories based on the correspond-
ing masks and rank images by the number of distinct cate-
gories they contain. Only images within the high-diversity
tier of the distribution of each dataset are preserved for fur-



Figure 4. The prompt of GPT-4o for the first step of context reasoning instruction generation.

Figure 5. The prompt of GPT-4o for the second step of context reasoning instruction generation.

ther processing. Although exact thresholds differ due to
dataset-specific statistics, they generally correspond to se-
lecting roughly the top decile.

Reasoning Type Assignment. For every selected image,

we determine the reasoning type by examining how many
regions belong to same semantic category. Images contain-
ing a single instance of the target category are treated as
attribute reasoning cases, whereas images containing two



Figure 6. The prompt of InternVL3 and QwenVL2 for evaluating the quality of reasoning image–mask–instruction triplets.

or three instances are designated as contextual reasoning
cases. This separation enables us to distinguish samples
that require reasoning about intrinsic properties from those
involving relational or discriminative understanding.

Attribute Reasoning Prompt. For attribute reasoning
samples, GPT-4o receives two inputs—the image with the
target region outlined using a thin contour and the list of all
categories present in the image—and is instructed to pro-
duce a question centered on attributes, functional roles, or
other intrinsic characteristics. The corresponding prompt
template is shown in Fig. 3.

Context Reasoning Prompt. Context reasoning sam-
ples involve a two-stage generation process. All same-
category regions are highlighted using distinct colors to
clearly separate them. GPT-4o first produces two to three
explicit visual cues that distinguish the highlighted regions
in terms of spatial arrangement, geometry, or appearance
(prompt in Fig. 4). These cues, together with the original
image, are then used in a second GPT-4o step, where the
model generates a reasoning question and a concise expla-
nation grounded in contextual or relational understanding
(prompt in Fig. 5).

Quality Filtering. All resulting triplets of im-
age–mask–instruction are further validated through cross-
model evaluation using QwenVL2-72B and InternVL3-

78B. Both models score each sample along multiple di-
mensions, including task complexity and implicitness, im-
age–text consistency and reasoning soundness, uniqueness
of the target, mask quality and semantic significance, clarity
and naturalness of the question, and conciseness of the ex-
planation. The scoring prompt is provided in Fig. 6. Each
dimension has a task-specific threshold, and only samples
that exceed all thresholds across both evaluators are re-
tained. After this filtering, the final reasoning subset con-
tains 104,989 samples, including 63,567 attribute reasoning
samples and 41,422 context reasoning samples.

2.5. Referring Instruction Generation

To construct the referring segmentation subset, we employ a
unified prompting template that guides GPT-4o to produce
concise and unambiguous referential expressions for each
candidate region. As shown in Fig. 7, the prompt provides
the image patch, the semantic class of the target region, and
a strict output format beginning with “Question:”. The only
emphasized requirement in the template is that the expres-
sion must clearly and uniquely identify the region based on
interpretable cues.

A notable effect of this design is that the generated in-
structions naturally rely on contextual and spatial informa-
tion—such as relative position, surrounding structures, or



Figure 7. The prompt of GPT-4o for referring instruction generation.

Figure 8. The prompt of InternVL3 and QwenVL2 for evaluating the quality of referring image–mask–instruction triplets.

functional cues—rather than superficial attributes like color
or size. This leads to more meaningful and semantically
grounded referring expressions, consistent with real-world
remote sensing interpretation.

Following instruction generation, all samples un-
dergo cross-model validation using InternVL3-78B and
QwenVL2-72B. Both models independently evaluate each
instruction–image pair using the scoring prompt shown
in Fig. 8, assessing clarity, grounding, consistency, and
uniqueness of the reference. Only samples that satisfy the
required thresholds across both evaluators are retained. Af-
ter this stage, the final referring subset contains 336,311
high-quality region–instruction pairs.

2.6. Interactive Instruction Generation

For interactive segmentation, we generate point- and box-
based instructions from mask annotations. For each mask

region, we sample k ∈ {1, 2, 3} points and normalize their
coordinates to the [0, 1] range along both image axes. The
number of points k is determined adaptively according to
the mask size: regions with fewer than 200 pixels are as-
signed a single point, whereas larger regions follow a dis-
tribution in which single-point prompts account for 60%
of cases, and two- or three-point prompts each account for
20%. Denoting the normalized coordinates of the sampled
points as (xi, yi), i = 1, . . . , k, the points are inserted into
a fixed template: “Please segment the region/target corre-
sponding to the points {(x1, y1), . . . , (xk, yk)}.”

For each mask, we compute the tight bounding box
defined by the top-left corner (xmin, ymin) and bottom-
right corner (xmax, ymax)), and normalize all coordinates to
[0, 1]. These coordinates are then inserted into the template:
“Please segment the region/target corresponding to the box
x0,y0=[xmin,ymin], x1,y1=[xmax,ymax].”



Table 1. Statistics of GeoSeg-1M.

Subset Samples (generated) Samples (total) Avg Text Length Categories Average Mask Size Other Statistics

Referring 336,311 560,179 12.05 words 100 18.4 K -

Interactive 480,949 480,949 9.80 words 106 15.5 K
Point:242,488
Box: 238,461

Reasoning 104,989 119,214 23.93 words 108 14.8 K
Attribute: 63,567

Contextual: 41,422

Overall 922,249 1,148,504 12.18 words 117 17.0 K

Resolution: 0.05–153 m
Sources1: C, DG, FB, FL, GI, GL, L

M, P, Va, FA, DO, DI, EarthReason [11]
RemoteSAM [31], RRSIS-D [14]

1 C:Chesapeake [20], DG:DeepGlobe [7], FB:Five-Billion-Pixel [25], FL:FLAIR [8], GI:GID-15 [30], GL:Globe230K [22],
L:LoveDA [28], M:MiniFrance [4], P:Potsdam [1], Va:Vaihingen [1], FA:FAIR1M [24], DO:DOTA [29], DI:DIOR [10].

This procedure produces 480,949 interactive samples,
providing consistent and structured supervision for both
point- and box-driven segmentation tasks.

3. Statistics and Additional Samples of
GeoSeg-1M

Tab. 1 presents detailed statistics of the GeoSeg-1M dataset.
The dataset is divided into three subsets corresponding to
the main segmentation tasks: referring, interactive, and rea-
soning. For each subset, we report the number of samples
generated in our pipeline, as well as the total number of
samples including integrated external datasets. The average
text length indicates the typical instruction length for each
task, while the number of categories reflects the semantic
diversity covered. We also provide the average mask size
per subset and task-specific statistics, such as point/box dis-
tribution for interactive samples and attribute/context counts
for reasoning samples. Overall, GeoSeg-1M contains more
than 1.14 million image–mask–instruction triplets spanning
117 categories, aggregated from multiple remote sensing
sources. The semantic categories are listed in Tab. 7, and
their overall quantity distribution is shown in Fig. 9. The
distributions of categories for the reasoning, referring, and
interactive tasks are also presented separately.

To complement the main paper, Fig. 11 presents addi-
tional GeoSeg-1M samples that highlight the visual richness
and instruction diversity of the dataset.

4. More details about GeoSeg-Bench
GeoSeg-Bench comprises 6,892 samples organized into
three subsets corresponding to reasoning, interactive, and
referring segmentation tasks. The reasoning subset con-
tains 1,711 samples, including 1,150 attribute reasoning in-
stances and 561 contextual reasoning instances. The inter-
active subset includes 2,870 samples, with 1,435 samples
using point-based prompts and 1,435 samples using box-
based prompts. The referring subset consists of 2,311 sam-
ples. The benchmark covers 102 semantic categories. The

full list of categories and the corresponding quantity distri-
butions are provided in Tab. 8. These statistics illustrate the
overall diversity and balance of GeoSeg-Bench, supporting
comprehensive evaluation across reasoning, referring, and
interactive segmentation tasks.

Tab. 2 reports instruction diversity on GeoSeg-1M and
GeoSeg-Bench, excluding interactive template instructions.
Referring instructions contain common words but main-
tain clear syntactic diversity, while reasoning instructions
exhibit substantially higher linguistic diversity. The intra-
class n-gram and syntactic diversity (Tab. 2, Row 3) in-
dicates no obvious shortcut reasoning driven by superfi-
cial language patterns. In addition, Fig. 10 shows a fail-
ure case in hard negative reasoning scene. Our model fo-
cuses on the northern boundary and living zone while ig-
noring the crucial cues close to an open green space and
near a road intersection, which leads to a fail case.

Table 2. N-gram and Syntactic Diversity Statistics (%).

2-gram 3-gram Syntactic (POS)
Top50 Top100 Top50 Top100 Top50 Top100

GeoSeg-1M Referring 53.89 64.56 37.89 47.85 36.83 43.23
GeoSeg-1M Reasoning 24.39 30.35 13.36 17.70 1.00 1.60
GeoSeg-1M Class
Rural-Residential
(398 samples)

34.43 44.73 20.40 27.70 14.07 26.63

GeoSeg-Bench Referring 56.46 68.57 41.25 52.39 24.59 34.45
GeoSeg-Bench Reasoning 26.87 34.01 14.95 19.69 3.48 6.28

To further illustrate the composition and annotation
style of GeoSeg-Bench, we present additional representa-
tive samples in Fig. 12.

5. More Details about Experiments
5.1. Implementation Details for UniGeoSeg
The subset with DIOR-derived data excluded. To bet-
ter examine the generalization behavior of UniGeoSeg un-
der unfamiliar data sources, we additionally construct a
subset of GeoSeg-1M by removing all samples originating
from the DIOR [10] family of datasets. The resulting sub-



Figure 9. Class distribution in GeoSeg-1M. (a) Overall class distribution across the entire dataset. (b–d) Class distributions for each specific
task: (b) Reasoning segmentation, (c) Referring segmentation, and (d) Interactive segmentation.

Figure 10. Example of a hard fail case.

set contains 970,238 samples, comprising 109,274 reason-
ing, 431,204 referring, and 429,760 interactive instances.
Since the downstream benchmarks SIOR [27] and DIOR-
RSVG [32] are themselves derived from DIOR, exclud-
ing DIOR-based training data mitigates this source-specific
overlap and provides a more independent setting for evalu-
ating the model’s cross-task generalization.

The subset used in ablations. To conduct the ab-
lation studies of task-adaptive text enhancement (TATE)
and latent knowledge memory (LKM) under a manage-
able computational budget, we further construct a compact
subset of 141,132 samples within the DIOR-excluded por-

tion of GeoSeg-1M. This subset comprises 42,699 reason-
ing, 55,481 referring, and 42,952 interactive instances ran-
domly sampled from the remaining data. We then evaluate
the resulting models on the reasoning and referring tasks
of GeoSeg-Bench, as well as on zero-shot interactive seg-
mentation on SIOR, enabling a focused examination of how
each module affects both the accuracy and the generaliza-
tion capability of UniGeoSeg.

Training Configuration. All experiments are conducted
with bfloat16 precision on eight NVIDIA A800 GPUs. In-
put images are resized to 512 × 512. We use the AdamW
optimizer with an initial learning rate of 1× 10−4, a cosine
decay schedule, and a warmup ratio of 0.03. Weight decay
is set to 0.0. The progressive task scheduling (PTS) strategy
is applied: the sampling weight of interactive segmentation
gradually decreases to 0.7, with the remaining weight as-
signed to reasoning samples. Batch size is set to 16, and
each experiment is trained for 3 epochs. Data loading uses
4 workers per GPU, and lazy preprocessing is enabled to
accelerate training. Additional hyper-parameters and im-
plementation details are summarized in Tab. 3.



Table 3. Supplementary training hyper-parameters and setup.

Parameter Value Parameter Value

Precision bfloat16 GPUs 8 × NVIDIA A800
Image Size 512× 512 Batch Size 16
Training Epochs 3 Optimizer AdamW
Initial LR 1× 10−4 LR Schedule Cosine decay
Warmup Ratio 0.03 Weight Decay 0.0
Gradient Checkpointing Enabled Data Loader Workers 4
PTS Sampling Decays to 0.7 ZeRO Stage ZeRO 2

5.2. Comparison with Other Architectures
We compare UniGeoSeg with several baseline models in
terms of their visual encoder, language backbone, and the
use of dual visual encoders. Notably, some baselines incor-
porate Segment Anything Model (SAM), employing a dual-
encoder setup: one encoder provides image features to the
segmentation decoder, while a second encoder aligned with
the LLM backbone supplies features for language-guided
understanding. UniGeoSeg, in contrast, does not use SAM
and relies on a single visual encoder. Table 4 summarizes
these architectural differences across models.

Building on this comparison, UniGeoSeg employs a
streamlined and efficient architecture. It relies on a single
Swin-B[15] visual encoder, reducing structural redundancy
and computational overhead while maintaining strong vi-
sual feature representation. The language backbone of Uni-
GeoSeg is relatively small, which further contributes to
efficiency. Despite not using SAM encoder, UniGeoSeg
achieves core SAM-like functionality by integrating in-
teractive segmentation instructions and embedding visual
prompts directly into the textual input space during train-
ing. Consequently, UniGeoSeg provides a compact and
lightweight architecture that captures both language-guided
and pixel-level cues, demonstrating advantages over both
dual-encoder models and other single-encoder baselines.

5.3. Fine-tuning Protocol
We summarize fine-tuning protocols on GeoSeg-1M for all
baselines, as shown in Tab. 5.

6. Additional Examples of Model Predictions
This section presents additional qualitative results to further
illustrate the behavior of the model in various scenarios, as
shown in Fig. 13.

7. Evaluating UniGeoSeg with Alternative
Language Model

In this section, we examine the flexibility of UniGeoSeg
by replacing its original Phi-1.5 [12] language backbone
with DeepSeek-7B-Chat [2]. The model is trained on

GeoSeg-1M under the same settings as the main configu-
ration and evaluated on the EarthReason [11] and RRSIS-
D [14] benchmarks. While switching the language back-
bone naturally introduces some variation in overall perfor-
mance, the DeepSeek-based variant still maintains compet-
itive segmentation quality.

To further validate the general applicability of our pro-
posed modules TATE, LKM, and PTS, we perform addi-
tional ablation studies using an alternative backbone. Fol-
lowing identical training and evaluation protocols, we re-
move each module in turn and report the results in Tab. 6.
The consistent performance gains observed for UniGeoSeg
across different language model architectures indicate that
these modules are largely model-agnostic and provide ro-
bust improvements independent of the underlying LLM.

8. Datasheets
8.1. Motivation
1. “For what purpose was the dataset created?”

A: The GeoSeg-1M and GeoSeg-Bench datasets
were created to address the lack of large-scale,
high-quality multimodal segmentation data in re-
mote sensing, a bottleneck that limits the develop-
ment of unified vision–language segmentation mod-
els. GeoSeg-1M provides a million-level collec-
tion of image–mask–instruction triplets covering refer-
ring, reasoning, and interactive segmentation, enabling
instruction-driven multimodal understanding at scale.
GeoSeg-Bench complements it with a carefully designed
evaluation suite for assessing fine-grained reasoning
ability, context-aware grounding, and interactive seg-
mentation performance. Together, these two datasets
aim to support the training and rigorous benchmarking
of general-purpose remote sensing segmentation models
capable of robust instruction following and comprehen-
sive scene understanding.

2. “Who created the dataset (e.g., which team, research
group) and on behalf of which entity?”
A: The dataset was created by the following authors:
• Anonymous authors

3. “Who funded the creation of the dataset?”



Table 4. Comparison of UniGeoSeg with baseline model architectures. The “Encoder Configuration” column denotes the visual encoder
setup: Dual-encoder indicates a SAM-based encoder for the segmentation decoder plus a second LLM-aligned encoder, while Single-
encoder indicates only one visual encoder is used.

Method Vision Encoder LLM Type Encoder Configuration

LISA[9] CLIP-L[18] Vicuna-7B[6] Dual-encoder
PixelLM[19] CLIP-L Vicuna-7B Dual-encoder
PSALM[33] Swin-B[15] Phi-1.5(1.3B)[12] Single-encoder
Geopixel[21] CLIP-L InternLM2-7B[3] Dual-encoder
Geopix[16] CLIP-L Llama-2-7B[26] Single-encoder
Earthmind[23] InternViT[5] InternVL2-4B[5] Dual-encoder
LISAt[17] RemoteCLIP[13] Vicuna-7B Dual-encoder
Segearth-R1[11] Swin-B Phi-1.5(1.3B) Single-encoder

Ours (UniGeoSeg) Swin-B Phi-1.5(1.3B) Single-encoder

Table 5. Fine-tuning protocol for all baselines on GeoSeg-1M.

Method Epoch Resolution Encoder Optimizer Frozen Finetune LR Batch
PSALM[33] 3 1024×1024 Single AdamW vision encoder LLM, mask decoder 1e-4 8
GeoPixel[21] 3 560×560 Dual AdamW vision encoder, SAM encoder, LLM vision/text projector mask decoder 3e-4 8
Earthmind[23] 3 512×512 Dual Adam vision encoder, SAM encoder LLM-lora, projector, mask decoder 4e-5 16
LISAT[17] 3 512×512 Dual AdamW vision encoder LLM-lora, projector, mask decoder 3e-4 16
SegEarth-R1[11] 3 1024×1024 Single AdamW vision encoder LLM, mask decoder 1e-4 8
UniGeoSeg 3 512×512 Single AdamW vision encoder LLM, mask decoder 1e-4 8

A: The dataset creation was funded by the affiliations of
the authors involved in this work.

8.2. Composition
Most of the questions in this section are intended to provide
dataset consumers with the information they need to make
informed decisions about using the dataset for their chosen
tasks. Some of the questions are designed to elicit informa-
tion about compliance with the EU’s General Data Protec-
tion Regulation (GDPR) or comparable regulations in other
jurisdictions. Questions that apply only to datasets that re-
late to people are grouped together at the end of the section.
We recommend taking a broad interpretation of whether a
dataset relates to people. For example, any dataset contain-
ing text that was written by people relates to people.
1. “What do the instances that comprise our datasets rep-

resent (e.g., documents, photos, people, countries)?”
A: The dataset primarily consists of remote sensing im-
ages captured by satellites and drones, along with their
corresponding textual annotations. All datasets utilized
in GeoSeg-1M and GeoSeg-Bench are publicly accessi-
ble and nonprofit.

2. “How many instances are there in total (of each type, if
appropriate)?”
A: GeoSeg-1M includes 1,148,504 image-mask-
instruction triplets . Details could be found in the
main text. GeoSeg-Bench consists of 6,892 samples,
including 2,870 interactive, 2,311 referring, and 1,711

reasoning segmentation samples.
3. “Does the dataset contain all possible instances or is it

a sample (not necessarily random) of instances from a
larger set?”
A: The images in GeoSeg-1M and GeoSeg-Bench
are sourced from existing detection and segmentation
datasets. Except for the samples from RemoteSAM [31],
RRSIS-D [14], and EarthReason [11] in GeoSeg-1M, all
textual annotations were independently created by us.

4. “Is there a label or target associated with each in-
stance?”
A: Yes, for these images, we have provided image-mask-
instruction triplets instances.

5. “Is any information missing from individual instances?”
A: No, each individual instance is complete.

6. “Are relationships between individual instances made
explicit (e.g., users’ movie ratings, social network
links)?”
A: Yes, the relationship between individual instances is
explicit.

7. “Are there recommended data splits (e.g., training, de-
velopment/validation, testing)?”
A: The GeoSeg-1M is designed to train the RS MLLMs
for instruction-driven segmentation, and the GeoSeg-
Bench is designed to evaluation.

8. “Is the dataset self-contained, or does it link to or oth-
erwise rely on external resources (e.g., websites, tweets,
other datasets)?”



Table 6. Results on EarthReason and RRSIS-D of UniGeoSeg-DeepSeek7B.

Method EarthReason (Val) EarthReason (Test) RRSIS-D

cIoU gIoU cIoU gIoU cIoU gIoU

UniGeoSeg-DeepSeek7B
(w/o TATE, LKM, and PTS) 67.37 65.03 65.92 64.23 71.52 60.02

UniGeoSeg-DeepSeek7B 71.41 (+4.04) 68.88 (+3.85) 71.93 (+6.01) 69.17 (+4.94) 75.12 (+3.60) 65.75 (+5.73)

A: GeoSeg-1M and GeoSeg-Bench are self-contained
and will be open-sourced on platforms like Hugging
Face for easy use.

9. “Does the dataset contain data that might be considered
confidential (e.g., data that is protected by legal privi-
lege or by doctor–patient confidentiality, data that in-
cludes the content of individuals’ non-public communi-
cations)?”
A: No, all data are clearly licensed.

10. “Does the dataset contain data that, if viewed directly,
might be offensive, insulting, threatening, or might oth-
erwise cause anxiety?”
A: No, GeoSeg-1M and GeoSeg-Bench do not contain
any data with negative information.

8.3. Collection Process

In addition to the goals outlined in the previous section, the
questions in this section are designed to elicit information
that may help researchers and practitioners create alterna-
tive datasets with similar characteristics. Again, questions
that apply only to datasets that relate to people are grouped
together at the end of the section.
1. “How was the data associated with each instance ac-

quired?”
A: The images in GeoSeg-1M and GeoSeg-Bench
are sourced from existing detection and segmentation
datasets. We enrich these with annotations. Details are
shown in the Section 3 in main text.

2. “What mechanisms or procedures were used to collect
the data (e.g., hardware apparatuses or sensors, manual
human curation, software programs, software APIs)?”
A: GeoSeg-1M is constructed by integrating multi-
ple publicly available remote sensing datasets collected
from airborne and satellite imaging platforms with di-
verse spatial resolutions. All images and pixel-level
masks originate from their respective sources without
additional sensor deployment. Data consolidation, pre-
processing, and annotation standardization were per-
formed through automated software pipelines, includ-
ing unified format conversion, image tiling, connected-
region decomposition, and large-scale mask filtering.
Instruction annotations were generated using GPT-
4o through API-based prompting, followed by cross-

evaluation with open-source vision-language models.
No manual labeling was introduced beyond quality ver-
ification of a small subset for prompt and pipeline val-
idation. GeoSeg-Bench was further curated by two do-
main experts in remote sensing, who independently re-
viewed and cross-validated candidate samples to ensure
high-quality and unambiguous ground truth.

3. “If the dataset is a sample from a larger set, what was
the sampling strategy (e.g., deterministic, probabilistic
with specific sampling probabilities)?”
A: Please refer to the details listed in the main text Sec-
tion 3.

8.4. Preprocessing, Cleaning, and Labeling

The questions in this section are intended to provide dataset
consumers with the information they need to determine
whether the “raw” data has been processed in ways that are
compatible with their chosen tasks. For example, text that
has been converted into a “bag-of-words” is not suitable for
tasks involving word order.
1. “Was any preprocessing/cleaning/labeling of the data

done (e.g., discretization or bucketing, tokenization,
part-of-speech tagging, SIFT feature extraction, removal
of instances, processing of missing values)?”
A: Yes. Extensive preprocessing and cleaning were ap-
plied to unify heterogeneous remote sensing datasets.
All images were tiled into 512×512 patches with a stride
of 256, and masks were converted into a unified binary
format. Each mask was decomposed into connected re-
gions to isolate individual objects. A two-stage filter-
ing pipeline was used to remove low-quality or noisy
regions, combining rule-based screening with model-
based quality assessment. Categories across datasets
were merged into a harmonized taxonomy. Instruction
annotations were automatically generated and subse-
quently cross-evaluated by large vision–language mod-
els. No manual relabeling was added beyond limited
spot-checking for validation.

2. “Was the ‘raw’ data saved in addition to the prepro-
cessed/cleaned/labeled data (e.g., to support unantici-
pated future uses)?”
A: Yes, raw data is accessible.

3. “Is the software that was used to preprocess/clean/label



the data available?”
A: Yes, the necessary software used to preprocess and
clean the data is publicly available.

8.5. Uses
The questions in this section are intended to encourage
dataset creators to reflect on tasks for which the dataset
should and should not be used. By explicitly highlight-
ing these tasks, dataset creators can help dataset consumers
make informed decisions, thereby avoiding potential risks
or harms.
1. “Has the dataset been used for any tasks already?”

A: No.
2. “Is there a repository that links to any or all papers or

systems that use the dataset?”
A: Yes, we will provide such links in the GitHub and the
Huggingface repository.

3. “What (other) tasks could the dataset be used for?”
A: GeoSeg-1M provides extensive annotations for
instruction-driven segmentation tasks. It could be used
to train the MLLMs. GeoSeg-Bench provides high-
quality samples in interactive, referring, and reasoning
segmentation tasks. It could be used to evaluate the
MLLMs.

4. “Is there anything about the composition of the
dataset or the way it was collected and prepro-
cessed/cleaned/labeled that might impact future uses?”
A: No.

5. “Are there tasks for which the dataset should not be
used?”
A: N/A.

8.6. Distribution
Dataset creators should provide answers to these questions
prior to distributing the dataset either internally within the
entity on behalf of which the dataset was created or exter-
nally to third parties.
1. “Will the dataset be distributed to third parties outside

of the entity (e.g., company, institution, organization) on
behalf of which the dataset was created?”
A: The datasets will be made publicly accessible to the
research community.

2. “How will the dataset be distributed (e.g., tarball on
website, API, GitHub)?”
A: We will provide GeoSeg-1M and GeoSeg-Bench in
the GitHub and the Huggingface repository.

3. “When will the dataset be distributed?”
A: We will create a repository to release the data once
the paper is officially published.

4. “Will the dataset be distributed under a copyright or
other intellectual property (IP) license, and/or under ap-
plicable terms of use (ToU)?”
A: Yes, the dataset will be released under the Creative

Commons Attribution-NonCommercial-ShareAlike 4.0
International License.

5. “Have any third parties imposed IP-based or other re-
strictions on the data associated with the instances?”
A: No.

6. “Do any export controls or other regulatory restrictions
apply to the dataset or to individual instances?”
A: No.

8.7. Maintenance
As with the questions in the previous section, dataset cre-
ators should provide answers to these questions prior to
distributing the dataset. The questions in this section are
intended to encourage dataset creators to plan for dataset
maintenance and communicate this plan to dataset con-
sumers.
1. “Who will be supporting/hosting/maintaining the

dataset?”
A: The authors of this work serve to support, host, and
maintain the datasets.

2. “How can the owner/curator/manager of the dataset be
contacted (e.g., email address)?”
A: They can be contacted via the email addresses listed
on the paper or webpage.

3. “Is there an erratum?”
A: There is no explicit erratum; updates and known er-
rors will be specified in future versions.

4. “Will the dataset be updated (e.g., to correct labeling
errors, add new instances, delete instances)?”
A: Future updates (if any) will be posted on the dataset
website.

5. “Will older versions of the dataset continue to be sup-
ported/hosted/maintained?”
A:
Yes. This initial release will be updated in the future,
with older versions replaced as new updates are posted.

6. “If others want to extend/augment/build on/contribute to
the dataset, is there a mechanism for them to do so?”
A: Yes, we will provide detailed instructions for future
extensions.



Table 7. The 117 semantic categories included in GeoSeg-1M.

1. Urban Land 2. Agriculture Land 3. Rangeland
4. Forest Land 5. Water 6. Barren Land
7. Low Vegetation / Field 8. Impervious (Other) 9. Road
10. Industrial Land 11. Urban Residential 12. Rural Residential
13. Paddy Field 14. Irrigated Land 15. Dry Cropland
16. Garden Plot 17. Arbor Woodland 18. Shrub Land
19. Natural Grassland 20. Artificial Grassland 21. River
22. Lake 23. Pond 24. Background

25. Building
26. Industrial/Commercial/Public/
Military/Private/Transport Units

27. Mine/Dump/Construction Sites

28. Artificial Non-Agricultural Vegetated Areas 29. Arable Land (Annual Crops) 30. Permanent Crops
31. Pastures 32. Complex/Mixed Cultivation Patterns 33. Orchards at Urban Fringe
34. Herbaceous Vegetation Associations 35. Open Spaces w/ Little Vegetation 36. Wetlands
37. Clouds/Shadows 38. Park 39. Snow
40. Fish Pond 41. Stadium 42. Square
43. Overpass 44. Railway Station 45. Airport
46. Pervious Surface 47. Coniferous 48. Deciduous
49. Brushwood 50. Vineyard 51. Plowed Land
52. Swimming Pool 53. Clear Cut 54. Mixed
55. Ligneous 56. Greenhouse 57. Cropland
58. Grass 59. Tundra 60. Impervious
61. Low Vegetation 62. Tree 63. Car
64. Large-Vehicle 65. Swimming-Pool 66. Helicopter
67. Bridge 68. Plane 69. Ship
70. Soccer-Ball-Field 71. Basketball-Court 72. Ground-Track-Field
73. Small-Vehicle 74. Baseball-Diamond 75. Tennis-Court
76. Roundabout 77. Storage-Tank 78. Harbor
79. Container-Crane 80. Airport 81. Helipad
82. Chimney 83. Expressway-Service-Area 84. Expressway-Toll-Station
85. Dam 86. GolfField 87. Windmill
88. A220 89. A321 90. A330
91. A350 92. ARJ21 93. Boeing737
94. Boeing747 95. Boeing777 96. Boeing787
97. Bus 98. C919 99. Cargo-Truck
100. Dry-Cargo-Ship 101. Dump-Truck 102. Engineering-Ship
103. Excavator 104. Fishing-Boat 105. Intersection
106. Liquid-Cargo-Ship 107. Motorboat 108. Other-Airplane
109. Other-Ship 110. Other-Vehicle 111. Passenger-Ship
112. Tractor 113. Trailer 114. Truck-Tractor
115. Tugboat 116. Van 117. Warship



Table 8. Category Statistics of GeoSeg-Bench

ID Name Count (%) ID Name Count (%) ID Name Count (%)
1 Urban Land 37 (0.53%) 2 Agriculture Land 207 (2.97%) 3 Rangeland 24 (0.34%)
4 Forest Land 97 (1.39%) 5 Water 260 (3.74%) 6 Barren Land 226 (3.25%)
7 Low Vegetation / Field 51 (0.73%) 8 Impervious (Other) 2 (0.03%) 9 Road 478 (6.87%)
10 Industrial Land 329 (4.73%) 11 Urban Residential 196 (2.82%) 12 Rural Residential 378 (5.43%)
13 Paddy Field 118 (1.70%) 14 Irrigated Land 398 (5.72%) 15 Dry Cropland 77 (1.11%)
16 Garden Plot 101 (1.45%) 17 Arbor Woodland 176 (2.53%) 18 Shrub Land 69 (0.99%)
19 Natural Grassland 92 (1.32%) 20 Artificial Grassland 82 (1.18%) 21 River 240 (3.45%)
22 Lake 85 (1.22%) 23 Pond 149 (2.14%) 24 Background 11 (0.16%)

25 Building 154 (2.21%) 26
Industrial, Commercial,
Public, Military, Private
And Transport Units

51 (0.73%) 27
Mine, Dump And
Construction Sites 17 (0.24%)

28
Artificial Non-Agricultural
Vegetated Areas 30 (0.43%) 29

Arable Land
(Annual Crops) 29 (0.42%) 30 Permanent Crops 18 (0.26%)

31 Pastures 50 (0.72%) 34
Herbaceous Vegetation
Associations 31 (0.45%) 35

Open Spaces With Little
Or No Vegetation 24 (0.34%)

36 Wetlands 31 (0.45%) 38 Park 10 (0.14%) 39 Snow 15 (0.22%)
40 Fish Pond 13 (0.19%) 41 Stadium 34 (0.49%) 42 Square 13 (0.19%)
43 Overpass 76 (1.09%) 44 Railway Station 27 (0.39%) 45 Airport 3 (0.04%)
46 Pervious Surface 29 (0.42%) 47 Coniferous 10 (0.14%) 48 Deciduous 29 (0.42%)
49 Brushwood 19 (0.27%) 50 Vineyard 20 (0.29%) 51 Plowed Land 19 (0.27%)
52 Swimming Pool 37 (0.53%) 53 Clear Cut 3 (0.04%) 56 Greenhouse 8 (0.11%)
57 Cropland 92 (1.32%) 58 Grass 67 (0.96%) 60 Impervious 59 (0.85%)
61 Low Vegetation 15 (0.22%) 62 Tree 50 (0.72%) 63 Car 62 (0.89%)
64 Large-Vehicle 134 (1.93%) 65 Swimming-Pool 37 (0.53%) 66 Helicopter 5 (0.07%)
67 Bridge 67 (0.96%) 68 Plane 304 (4.37%) 69 Ship 151 (2.17%)
70 Soccer-Ball-Field 65 (0.93%) 71 Basketball-Court 72 (1.03%) 72 Ground-Track-Field 47 (0.68%)
73 Small-Vehicle 65 (0.93%) 74 Baseball-Diamond 85 (1.22%) 75 Tennis-Court 245 (3.52%)
76 Roundabout 53 (0.76%) 77 Storage-Tank 80 (1.15%) 78 Harbor 199 (2.86%)
79 Container-Crane 6 (0.09%) 80 Airport 45 (0.65%) 82 Chimney 20 (0.29%)
83 Expressway-Service-Area 8 (0.11%) 84 Expressway-Toll-Station 55 (0.79%) 85 Dam 19 (0.27%)
86 GolfField 10 (0.14%) 87 Windmill 3 (0.04%) 90 A330 4 (0.06%)
94 Boeing747 3 (0.04%) 95 Boeing777 1 (0.01%) 96 Boeing787 1 (0.01%)
97 Bus 3 (0.04%) 99 Cargo-Truck 15 (0.22%) 100 Dry-Cargo-Ship 32 (0.46%)
101 Dump-Truck 14 (0.20%) 102 Engineering-Ship 4 (0.06%) 103 Excavator 4 (0.06%)
104 Fishing-Boat 2 (0.03%) 105 Intersection 22 (0.32%) 106 Liquid-Cargo-Ship 13 (0.19%)
107 Motorboat 7 (0.10%) 108 Other-Airplane 1 (0.01%) 110 Other-Vehicle 1 (0.01%)
111 Passenger-Ship 10 (0.14%) 113 Trailer 3 (0.04%) 114 Truck-Tractor 3 (0.04%)
115 Tugboat 1 (0.01%) 116 Van 5 (0.07%) 117 Warship 6 (0.09%)



Figure 11. Additional samples of GeoSeg-1M.



Figure 12. Additional samples of GeoSeg-Bench.



Figure 13. Additional samples of model prediction by UniGeoSeg.



References
[1] MR Bayanlou and M Khoshboresh-Masouleh. Multi-task

learning from fixed-wing uav images for 2d/3d city mod-
elling. The International Archives of the Photogrammetry,
Remote Sensing and Spatial Information Sciences, 44:1–5,
2021. 1, 8

[2] Xiao Bi, Deli Chen, Guanting Chen, Shanhuang Chen,
Damai Dai, Chengqi Deng, Honghui Ding, Kai Dong,
Qiushi Du, Zhe Fu, et al. Deepseek llm: Scaling open-
source language models with longtermism. arXiv preprint
arXiv:2401.02954, 2024. 10

[3] Zheng Cai, Maosong Cao, Haojiong Chen, Kai Chen, Keyu

Chen, Xin Chen, Xun Chen, Zehui Chen, Zhi Chen, Pei
Chu, et al. Internlm2 technical report. arXiv preprint
arXiv:2403.17297, 2024. 11

[4] Javiera Castillo-Navarro, Bertrand Le Saux, Alexandre
Boulch, Nicolas Audebert, and Sébastien Lefèvre. Semi-
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