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Abstract

Ultra-high-resolution (UHR) remote sensing (RS) imagery offers valuable data
for Earth observation but pose challenges for existing multimodal foundation
models due to two key bottlenecks: (1) limited availability of UHR training
data, and (2) token explosion caused by the large image size. To address data
scarcity, we introduce SuperRS-VQA (avg. 8,376x8,376) and HighRS-VQA
(avg. 2,000 1,912), the highest-resolution vision-language datasets in RS to date,
covering 22 real-world dialogue tasks. To mitigate token explosion, our pilot
studies reveal significant redundancy in RS images: crucial information is con-
centrated in a small subset of object-centric tokens, while pruning background
tokens (e.g., ocean or forest) can even improve performance. Motivated by these
findings, we propose two strategies: Background Token Pruning and Anchored
Token Selection, to reduce the memory footprint while preserving key semantics.
Integrating these techniques, we introduce GeoLLaVA-8K, the first RS-focused
multimodal large language model capable of handling inputs up to 8K x8K reso-
lution, built on the LLaVA framework. Trained on SuperRS-VQA and HighRS-
VQA, GeoLLaVA-8K sets a new state-of-the-art on the XLRS-Bench. Datasets
and code were released at GeoLLLaVA-8K.

1 Introduction

With the rapid development of Earth science, the collection, process, and representation of remote
sensing (RS) data have become increasingly important. [1]. Among these data sources, satellite
imagery is able to capturing extensive spatiotemporal information about Earth’s surface [2, 3], sig-
nificantly enhancing our geographic understanding of this planet.

Recent advances in multimodal large language models (MLLMs) [4, 5, 6, 7, 8] have signifi-
cantly improved visual understanding and reasoning, simultaneously facilitating remarkable scien-
tific progress in geoscience for handling remote sensing data [9, 10, 1 1]. However, despite significant
progress of MLLMs across both general and RS domains, current models still fall short in addressing
real-world RS tasks, especially in the case of ultra-high-resolution (UHR) scenarios. For instance,
even leading models like GPT-40 [12] and Qwen-VL series [13] are limited up to 4K resolution, re-
sulting in limited performance (Accuracy < 0.45) on the XLRS-Bench [14], a recent RS evaluation
benchmark featuring large image size (e.g., 8K-10K). This gap raises an urgent problem we aim to
investigate in this paper:
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Can we develop MLLMs tailored for RS data with resolutions far beyond current limits (e.g.,
up to SKx8K)?
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Figure 1: We introduce SuperRS-VQA and HighRS-VQA, the highest-resolution VQA datasets
for MLLM training. GeoLLaVA-8K, trained on these datasets, significantly outperforms existing
MLLMs on ultra-high-resolution remote sensing tasks.

In response to this question, we identify two critical challenges that remain underexplored: (1) The
lack of image-text training data for UHR RS images; (2) The massive number of visual tokens
in UHR RS imagery increases training difficulty for MLLMs. To address the first issue, we
introduce two novel multimodal RS datasets featuring large image sizes: SuperRS-VQA (about
8K x8K) and HighRS-VQA (about 2K x2K). To our knowledge, they are the largest image-size
RS vision-language datasets to date, covering 22 real-world subtasks and significantly surpassing
previous RS image-text datasets in both scale and diversity.

For the second problem, from our intuition, the excessive sequence length of visual tokens may lead
to two major issues in MLLM’s training: (1) Expensive Computation Overhead: Current mod-
els are not designed to operate at such scales. For example, directly adapting LLaVA to 8Kx8K
inputs results in memory overflow. (2) Low Semantic Density: UHR RS imagery contains an abun-
dance of homogeneous background tokens, which contribute little useful information. In contrast,
semantically rich foreground tokens are sparse and risk being overlooked without effective token
management.

To tackle these challenges, we propose two token compression strategies: Background Token Prun-
ing and Anchored Token Selection, which focus on token aggregation and refinement to efficiently
manage the large number of visual tokens introduced by UHR inputs. Building on these techniques,
we develop GeoLLaVA-8K, a UHR-oriented, RS-specific MLLM capable of processing inputs up to
8K resolution. Experiments on large image-size benchmarks (e.g., XLRS-Bench) demonstrate that
our model outperforms all existing open- and closed-source MLLMs, setting a new state-of-the-art.



In summary, our main contributions are as follows:

(1) We curate SuperRS-VQA and HighRS-VQA, two RS image-text datasets covering 22 real-
world subtasks for UHR scenes, featuring so far the largest image sizes in our knowledge.

(2) We investigate the challenges in training MLLMs caused by the excessive visual tokens in
UHR RS imagery. To address the problems of redundant backgrounds and the sparsity of
semantically rich objects, we propose two strategies for token pruning and selection.

(3) We develop GeoLLaVA-8K, the first RS MLLM tailored for UHR scenes, capable of pro-
cessing inputs up to 8K. Experiments on representative UHR RS benchmarks demonstrate
its superior performance compared to existing open- and closed-source MLLMs.

2 Related Work

Remote Sensing Multimodal Datasets. With the rapid progress of large multimodal models in
general domains, the RS field has witnessed significant advancements in MLLM development
[9, 10, 11, 15, 16], leading to the emergence of several RS-specific vision-language datasets.
RSVQA [17] comprises image/question/answer triplets, with questions and answers derived from
OpenStreetMap (OSM). RSIVQA [18] generates samples automatically using existing scene clas-
sification and object detection datasets. RSSA [19] targets hallucination, while FIT-RSRC [16]
focuses on object relationship understanding. VRSBench [20] includes 29,614 images, 52,472 ob-
ject references, and 123,221 QA pairs. Recent datasets for the SFT stage of MLLM training include
GeoChat_Instruct [9], ChatEarthNet [21], VHM_sft [22], FIT-RS [16], and MMRS-1M [15]. How-
ever, most of these datasets are aggregated from existing sources and contain limited original anno-
tations. Critically, their average image resolution remains below 1K x 1K, which is insufficient for
real-world UHR RS tasks.Recently, XLRS-Bench [ 4] introduces the largest image-size RS bench-
mark to date (average 8,500x8,500) for evaluation purposes only, underscoring the persistent lack
of corresponding UHR training data in the RS MLLM field.

Multimodal Large Language Model. Leveraging advanced large language models (LLMs) like
GPTs [5] and LLaMA [6], MLLMs have demonstrated strong visual understanding and reasoning
capabilities [23, 24]. Proprietary models such as Gemini [4] and GPT-40 [5], along with open-
source alternatives like Qwen-VL [8], InternLM-XComposer [25], MiniCPM [26], LLaVA [27],
and MiniGPT-4 [7], show competitive performance but are typically limited to input resolutions of
2K-4K. To overcome this limitation, LLaVA-Next [28] processes images in patches and connects
them via global tokens, Monkey [29] and LLaVA-UHD [30] compress patches to reduce redun-
dancy, Cambrian [31] uses learnable queries for multi-scale interaction, and SIIME [32] applies
dual compression to preserve global context. In the RS domain, several MLLMs have been devel-
oped. For example, GeoChat [9] enables multi-task RS dialogue based on the LLaVA-1.5 frame-
work [33]. EarthGPT [15] unifies multisensor interpretation tasks by converting RS annotations
into question-answer pairs. Meanwhile, LHRS-Bot [10] improves vision-language understanding
through multi-level alignment and curriculum learning. Nevertheless, both general-domain and RS
MLLMs struggle to effectively handle UHR RS imagery. Universal MLLMs lack domain adaptation
and are unable to meet the higher resolution requirements of real-world RS applications. Although
RS-specific MLLMs incorporate domain knowledge, they still operate at significantly lower reso-
lutions, i.e., less than 1K, highlighting the urgent need for a UHR (8K x8K) and domain-aligned
MLLMs in the RS field.

3 Dataset

The RS domain currently lacks sufficient UHR image-text training data for MLLM development.
To validate this judgment, we firstly unified existing RS image-text datasets with general-domain
data in a 2:1 ratio for supervised fine-tuning (SFT). However, we observed a notable performance
drop in LLaVA-Next-2K [34] on UHR benchmarks (XLRS-Bench [14]) in the Tab. 1, which we
attribute to the limited resolution of current RS training datasets, highlighting the urgent need for
UHR image-text pairs to support real-world RS applications.

To address this, following XLRS-Bench [14], we first manually annotated 12K UHR samples. No-
tably, existing MLLMs such as GPT-4o [12] either encounter memory overflow or generate low-
quality outputs when processing UHR RS imagery. Therefore, we adopt a fully manual annotation



approach in this work. Nevertheless, due to the high time and labor costs, scaling manual annota-
tion of UHR data is impractical. To address this, we develop a semi-automated annotation pipeline
that leverages GPT-40 [12] alongside existing RS detection and segmentation datasets, generating
100K medium-to-high-resolution (MHR, 2K x2K) image-text pairs. To bridge the distribution gap
between MHR and UHR data, we further apply an influence-based data selection method built on
the LESS framework [35]. Next, we detailed the procedure of constructing datasets.

Source Screening. Our datasets have di- R .
verse and extensive image sources. We fol- Table 1: Pilot Experiments of Dataset. We

low a key principle: to avoid using the keep the origing] pretraining data of LLaVA-Next-
same data sources as existing vision-language 2K [34] (a variant of LLaVA-Next [2£]) and we
datasets as far as possible, ensuring diversity ©nly modify the SFT (supervised fine-tuning) data
and effectiveness in training data. Specif- 0 the second training phase. Accuracy is reported
ically, we utilize datasets such as Deep- Dased onresults from XLRS-Bench [14].

Globe [36], STAR [37], FAIRIM 2.0 [38],

SFT Data

LOVCDA [ ], Inria [ ]’ OpensatMap [ ], Model Data Source Volume  Average Resolution Ace.
HRSCD [ ], MiniFranCC [ ]’ and DOTA [ ] LLaVA-Next LLaVA-Next-2K_SFT [28] 738K 512 512 44.6
.. . . . LLaVA-Nex-2K_SFT [28] 738K 512 512

To minimize redundancy of 1mage-text pairs, GeoChat_Instruct [9] 283k 632 619

. . . . ChatEarthNet [21] 6k 256 256
we deduplicate images within these datasets — rrovawex VM st 150k 013 638 4044
and remove overlaps with existing benchmark VRSN T . 1ok oo o2
datasets like XLLRS-Bench [14]. Nonetheless, VRSBench-train [20] 85k S12 512

it should be noted that, since generating MHR image-text pairs requires leveraging exist-
ing annotations with tools like GPT-4o, the overlap with prior VQA datasets is unavoidable.

Annotation. For UHR data, we formed a team
of 5 MLLM and RS experts (Ph.D. holders
or candidates) and 30 crowd-sourcing annota-
tors (undergraduate and masters students). All
samples were manually labeled and rigorously
cross-validated over 40 days of annotation and
10 days of verification, resulting in a 12K UHR
image-text dataset, named SuperRS-VQA. For
MHR data, we developed a semi-automated an-
notation. Using task-specific prompts and exist-
ing annotations (e.g., bounding boxes in RS de- (a) SuperRS-VQA (b) HighRS-VQA
tection datasets), we generated text via GPT-40 . .

[12]. Despite high token costs (>$1,000), out- Flggre 2:. Our Qatasets have the perception and rea-
puts still needed to be quality-checked by anno- soning dimensions across 22 sub-tasks.

tators.
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Data Selection Pipeline for MHR Data. We further adopted an influence-based data selection
pipeline (see Fig. 3) to improve the relevance of our dataset to UHR downstream tasks and ensure
its cultivation of reasoning capabilities for models fine-tuned on it. This pipeline quantifies the exact
contribution of each training data sample by measuring the change in validation performance when
that sample is removed (i.e., a Leave-One-Out influence score). Concretely, we leverage gradient
information from a warm-up fine-tuned model trained on the crude dataset: for each candidate
z € Z among training examples and validation examples X € X, we compute

Infsgp(zi; X) = max cos(V* (zi); V* (Xi)) (1

where “ is the negative log-likelihood loss on a data sample. The above estimation is a simplified
but empirically valid form of Influence Function [43], a widely used data valuation method which is
a first-order approximation of performance change. Intuitively, a higher Infsgp indicates removing
z; from the training set would cause a larger, more directionally coherent shift in validation loss,
and hence that z; is more influential. Unlike heuristic selection methods based on the apparent
semantics of VQA pairs, which often require laborious task-specific rule engineering, our approach
directly measures data influence utilizing the preferences of a fine-tuned model.

We follow LESS [35] for a practical and efficient implementation of our method. The main challenge
of using influence-based methods is gradient storage consumption, despite the Hessian calculation
is already omitted in our formulation. Therefore, only gradients of LoRA adapters are calculated.
Moreover, the gradients are projected to 8192-dimensional subspace via a fixed random matrix. We
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Figure 3: Data Selection Pipeline for MHR Data. In step 1, we train a warmup model on the crude
dataset to acquire gradient features for both the training and validation sets. In step 2, we match
training data candidates with the validation set and select the most influential samples.

note that this leverages the Johnson-Lindenstrauss Lemma [44] that random projection preserves the
inner product of gradients, and the recent empirical validation [45] for data selection. The cosine
similarity is used instead of the original inner product in common influence definitions because the
gradient norm of a language model may have numerical biases [35]. After profiling gradients of the
crude training set and the validation set, we rank and retain the top 70% most influential samples for
downstream fine-tuning.

Statistics. Fig. 1 highlights the advantages and key Table 2: Main statistics of our datasets

details of our dataset, which offers the highest resolu-
tion among all RS image-text training datasets to date.
Fig. 2 visualizes the capability dimensional coverage of ~ Total questions 81,367
both datasets. Tt can be seen that our datasets span a - SuperRS-VQA 12,228
wider range of task dimensions, showing strong align- - HighRS-VQA 69,139
ment with real-world scenarios. Finally, we summarize SuperRS-VQOA

the key statistics of our datasets in Tab. 2, including av- - Multi-image questions 150

Statistic Number

erage question/answer lengths, the diversity and quan- ] ﬁverage question length 128
. . . - Average answer length 22
tity of annot.ated objects, average resolution, and other - Object category 18 (Coarse)
relevant attributes. - Object size (pixel ratio) 0.14%

- Average Resolution 8,376 8,378
4 Method HighRS-VQA

- Average question length 172

.. . . - Average answer length 41

Before training on our datasets, we investigate how - Object category 60
the Low Semantic Density characteristic, i.e., excessive - Object size (pixel ratio) 1.02%
length visual tokens caused by UHR RS imagery, af- - Average Resolution 2,000 1,912

fects the performance of MLLMs. Specifically, Sec-
tions 4.1 and 4.2 separately analyze the low information density of RS imagery from two views:
Section 4.1 reveals the redundancy of background tokens and their negative impact on MLLM mod-
eling, while Section 4.2 explores the correlation between scarce objects visual tokens. In Section
4.3, we propose a targeted solution to overcome these challenges.

4.1 Overwhelming Background Tokens Hinder MLLM Fine-Tuning on RS Data

Do background tokens dominate UHR RS imagery?

In order to learn about a holistic recog-
nition for the background ratio in UHR
RS scenes, we conduct preliminary ex-
periments, where the LLaVA-1.5 [33] is
employed.  Specifically, we randomly
selected 100 images from the XLRS-
Bench [14], covering natural backgrounds
such as sea surfaces, forests, and fields,
to provide a diverse set of test samples
for the evaluation of background redun-
dancy. Then, we extract 64 x64 small im- ()Smalchieces
ages through non-overlapped sliding win-
dows, and sequentially input each into the

(b) Backgroud

Figure 4: Examples of tokens and their positions that
the logit lens yields in the late layers.
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