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VectorLLM++: A Uni}ed Next-Token-Prediction
MLLM for Dense Remote Sensing Perception and

Vector Mapping

Abstract
Large-scale vector maps underpin diverse human activities, yet their automated 1
generation is hindered by scarce vector-format training data and the lack of 2
MLLMs that produce structured vector outputs. We present VectorLLM++, a 3
uni}ed MLLM that reformulates remote sensing perception as next-token predic- 4
tion across seven tasks: polygon extraction, dense segmentation, dense detection, 5
in-context detection, referring detection, change detection, and visual question 6
answering. Central to our approach is the insight that a pixel mask and its vec- 7
torized boundary are two sides of the same object; we therefore introduce a vector 8
tokenizer that discretizes coordinates into a 1024-token vocabulary and a mask 9
tokenizer that compresses masks into codebook-based discrete tokens, enabling 10
seamless integration of geometry and language within a single next-token- 11
prediction framework. To address data scarcity, we develop a semi-automatic 12
vector-instruction data engine that generates over 1.2 million polygon annota- 13
tions. We train the model through large-scale pre-training on 62.9 million samples 14
from 57 datasets, supervised }ne-tuning on 7.2 million instructions, and reinforce- 15
ment learning with veri}able rewards that directly optimize geometric quality. 16
Extensive experiments on 23 datasets show that VectorLLM++ consistently 17
outperforms previous state-of-the-art task-specialized models across all seven 18
tasks. By unifying raster and vector representations, VectorLLM++ establishes 19
a general-purpose framework for next-generation geospatial intelligence. 20

Keywords: Remote sensing MLLM, Vector maps, Uni}ed geometric tokenization,
Dense perception

1 Introduction 21

As a primary deliverable, large-scale vector maps produced from remote sensing 22
imagery underpin a wide range of sectors involving trillions of dollars in annual 23
economic activity, such as urban planning, engineering construction, cadastral sur- 24
veying, and navigation, by virtue of ozering a structured and measurable geometric 25
representation of objects of interest in contrast to pixel-level semantic segmen- 26
tation outputs [1–9]. Despite over three decades of research on automatic vector 27
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Fig. 1: Overview of VectorLLM++. a, Vector-instruction data engine operates
through four core stages: semantic tagging, promptable segmentation, vector bound-
ary generation, and quality assurance. b, VectorLLM++ comprises a base MLLM,
a vector tokenizer, and a mask tokenizer. Leveraging the tokenized training corpus,
we conduct pre-training and SFT under the uni}ed next-token prediction paradigm,
followed by reinforcement learning with veri}able rewards. To accommodate diverse
remote sensing perception tasks during reinforcement learning, we design a task-aware
reward system. c, VectorLLM++ supports seven downstream remote sensing percep-
tion tasks.
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map generation, manual delineation remains the predominant approach in practice 28
today, entailing substantial labor costs and ine{ciencies [4–6]. Large language mod- 29
els (LLMs) and multimodal large language models (MLLMs) have recently emerged 30
as the most promising tools for automating vector map generation [10–14]. Neverthe- 31
less, while the vast majority of remote sensing MLLMs are tailored for visual question 32
answering (VQA) and localized pixel-level perception or non-generative earth observa- 33
tion tasks [15–23], only a handful exhibit dense pixel understanding, and VectorLLM 34
stands as an exception designed for vector-oriented mapping [24]. In this work, we 35
extend VectorLLM—originally designed for building mapping—to automatically pro- 36
duce regularized vector maps of general remote sensing objects that align with manual 37
delineation. Furthermore, we take a signi}cant step forward in dense pixel under- 38
standing, motivated by the insight that pixel-based mask and its vectorized boundary 39
are two sides of the same object. To this end, we introduce a Remote Sensing Mask 40
Tokenizer (RSM-Tok), which translates each mask into a compact sequence of dis- 41
crete tokens—akin to a word in a visual codebook—that can be seamlessly consumed 42
by a pure next-token-prediction LLM without any visual decoder [25–27]. This design 43
not only eliminates the need for auxiliary visual decoders found in prior MLLMs [28– 44
30], but also provides a uni}ed token-based formulation that seamlessly bridges mask 45
segmentation and vectorized boundary generation. Furthermore, our uni}ed next- 46
token-prediction architecture facilitates the adoption of reinforcement learning (RL) 47
for post-training [31–34]. Unlike previous pixel-wise MLLMs, which require a mask 48
decoder to convert hidden states into 2D masks for IoU-based reward computation, our 49
token-based formulation enables direct reward assignment at the token level without 50
any auxiliary decoding. 51

Beyond vector mapping, our MLLM—named VectorLLM++—is designed for gen- 52
eral vision-language tasks such as VQA, referring detection, dense detection, and 53
change detection [3, 15–19, 35]. Critically, we incorporate in-context learning to 54
accommodate novel ground objects that inevitably emerge beyond the categories cov- 55
ered by existing open-source datasets. This provides an attractive alternative to the 56
heavy and often impractical full-scale retraining that would otherwise be required for 57
each new category [36, 37]. Such a capability is particularly crucial given the signi}cant 58
category gap: even when aggregating all existing open-source remote sensing datasets 59
and merging synonyms, the total number of distinct object classes amounts to no 60
more than 80, whereas a standard 1:2000-scale topographic map requires recognition 61
of over 300 level-2 categories. 62

Building such a vector-oriented yet general-purpose remote sensing MLLM, how- 63
ever, entails three foundational ezorts that go beyond simply extending an existing 64
architecture. First, we construct a vector data engine to curate large-scale vector 65
data for training, given the scarcity of existing vector datasets [4–6, 24]; in con- 66
trast, training data for other vision-language tasks can be largely sourced from open 67
repositories [3, 15, 26, 35]. Second, we bridge the modality gap by encoding all out- 68
put forms—language, bounding boxes, polygons, and masks—into a shared discrete 69
token vocabulary. This uni}cation ensures that the MLLM can handle vector map- 70
ping, VQA, detection, and segmentation within a single autoregressive framework, 71
without the need for heterogeneous decoders. Third, we design tailored reward signals 72
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for RL within our uni}ed framework. While pre-training and supervised }ne-tuning73
(SFT) provide a reasonable starting point, its outputs often suzer from missing com-74
ponents, over-segmentation, irregular zigzag boundaries, and poor alignment with75
human-drawn delineations—issues that RL with carefully designed token-level rewards76
can ezectively mitigate.77

1.1 Vector-instruction data engine78

We construct a curated vector-instruction data engine using public and internal79
remote sensing datasets. The data engine integrates semantic tagging, promptable80
segmentation, vector boundary generation, and manual quality assurance, to produce81
dense vector annotations with broad category coverage. This data engine expands the82
scale and diversity of geometric supervision while exposing the model to the anno-83
tation conventions used in human cartographic production. Speci}cally, the pipeline84
operates in three stages. First, we generate rich image tags to describe candidate85
objects and their contextual cues using RAM++ [38] and Qwen3VL [14]. Second, we86
employ SAM3 [39] and VectorLLM [24] to generate initial vector candidates, which87
are subsequently re}ned through polygon simpli}cation, quality }ltering, and man-88
ual inspection. Third, we reformat the }nalized annotations into instruction-following89
and in-context learning templates, allowing target objects to be speci}ed via natu-90
ral language, few-shot geometric exemplar, or a combination of both. Using the data91
engine, we create a huge open-vercabulary training dataset covering over one million92
samples with more than 1000 raw category tags, and a test benchmark containing93
8,820 instances of 18 representative categories.94

1.2 Uni}ed geometric tokenization95

To enable an MLLM to generate vector and other outputs within a uni}ed next-token-96
prediction framework, we formulate a geometric tokenization scheme that encodes97
geometric primitives—bounding boxes, polygons, and segmentation masks—into a98
shared discrete token space, in contrast to prior approaches that treat dizerent prim-99
itives with separate task-speci}c heads and decoding strategies [26–30]. This allows100
the model to treat geometric outputs as language-like sequences, eliminating the need101
for task-speci}c decoders. Speci}cally, we serialize bounding boxes and polygons as102
coordinate-token sequences under a normalized image-relative reference frame, which103
enhances robustness to variations in image size, crop scale, and ground sampling dis-104
tance without requiring input resizing or re-scaling. For polygons, we further design105
a sequence grammar that explicitly models vertices, instance delimiters, polygon clo-106
sure, and termination symbols, enabling the model to generate both single-instance107
and multi-instance vector maps in a uni}ed manner. For segmentation masks, we108
further design a discrete mask tokenizer, RSM-Tok, that compresses dense regions109
into compact tokens within a learned visual vocabulary. These tokens can be pro-110
cessed directly by the language model and subsequently decoded back into pixel-level111
masks. With this uni}ed formulation, dizerent geometric primitives can be generated112
through a single multimodal interface, without requiring separate task-speci}c heads113
while preserving the structural properties unique to each representation.114
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1.3 Veri}able geometric reward design 115

While likelihood-based pre-training and SFT yield reasonable next-token predictions, 116
they do not guarantee that the decoded geometries are complete, semantically correct, 117
or structurally plausible—issues we identi}ed earlier. To address these limitations, 118
we adopt reinforcement learning with veri}able rewards (RLVR) as post-training and 119
design a task-aware reward system tailored to dense remote sensing mapping. Building 120
on our uni}ed token-based formulation, which enables direct token-level reward assign- 121
ment without auxiliary decoders, we de}ne rewards that explicitly penalize missing 122
objects, semantic confusion, invalid geometry, over-fragmentation, and deviation from 123
human delineation standards. We compute rewards automatically from parsed model 124
outputs and reference annotations, providing scalable supervision without relying on 125
a learned reward model. Our reward design targets the geometric requirements of 126
three complementary output modalities. For bounding boxes, we emphasize semantic 127
grounding, localization precision, and object completeness. For polygons, we reward 128
region-level alignment while encouraging compactness and editability. For segmenta- 129
tion masks, we provide a veri}able token-level consistency reward for mask generation. 130
In addition, the reward system explicitly accounts for output parseability and for- 131
mat validity, directly penalizing malformed or unrecoverable geometric predictions. 132
More importantly, this task-aware reward design aligns the model with mapping- 133
oriented criteria that likelihood-based training alone fails to capture. Ultimately, by 134
transforming geometric correctness into veri}able feedback, it improves fundamen- 135
tal capabilities—phrase grounding and spatial accuracy—while also enhancing output 136
quality in terms of validity, compactness, and editability. 137

Building on these three components, we propose VectorLLM++, an 8-billion- 138
parameter MLLM designed for general remote sensing object vector mapping. To our 139
knowledge, it is the }rst model that uni}es vector boundary and mask representa- 140
tions within a shared discrete token space, while also supporting a broad range of 141
tasks—including VQA, referring/dense detection, change detection, and in-context 142
learning—under a consistent next-token-prediction paradigm. For training, we pre- 143
pared one million vector-instance annotations across diverse object categories using 144
our data engine (Fig. 1a), alongside publicly available 56 datasets for other vision- 145
language tasks. The model is trained in three stages, as shown in Fig. 1b. Pretraining 146
uses 62.9 million samples covering both remote sensing and close-range imagery. SFT 147
is performed on 7.2 million remote sensing samples. Finally, reinforcement learning 148
with veri}able rewards (RLVR) is applied on 48,000 samples to further re}ne geometric 149
alignment. 150

As shown in Fig. 1c, we evaluate VectorLLM++ on 23 typical Earth observation 151
(EO) datasets, covering seven tasks across domains such as crop census, land survey- 152
ing, water conservancy, urban planning, tra{c engineering, and earthquake-induced 153
change detection. This evaluation establishes a large-scale, multi-dimensional bench- 154
marking framework for remote sensing MLLMs, with a particular focus on vector 155
mapping—a key capability that has been largely overlooked in both existing datasets 156
and remote sensing MLLMs. Compared to the best specialized MLLMs tailored for 157
each task, VectorLLM++ achieves consistent improvements with a single uni}ed next- 158
token-prediction architecture: +25.7 pp F1 in dense detection, +13.3 pp mAP in 159
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polygon mapping, and +33.5 F1 in in-context learning; +24.4 F1 in referring detec-160
tion, along side +3.0 pp mIoU in change detection, +6.5 pp mIoU in segmentation,161
and +3.0 pp OA in VQA. These substantial enhancements }ll a critical gap in mod-162
ern remote sensing MLLMs by enabling vector mapping—a capability that has been163
largely absent—while also improving mask prediction and other vision-language tasks.164
These advances bene}t a wide range of real-world applications, including urban plan-165
ning, engineering construction, disaster monitoring, and agricultural management,166
among others [1, 2]. Overall, VectorLLM++ provides insight into how to design a167
modern remote sensing MLLM under a uni}ed next-token-prediction paradigm that168
integrates diverse geometric and semantic outputs, takes a }rm step forward for auto-169
mated human-aligned vector mapping that has troubled us for more than thirty years,170
and lays a solid foundation for next-generation geospatial intelligence systems.171

2 Results172

We present VectorLLM++, a remote sensing MLLM capable of seven tasks, including173
vector mapping and mask segmentation. The mask tokenizer RSM-Tok is indepen-174
dently trained for 3 days on 128 H20 GPUs and then totally frozen in VectorLLM++.175
The main model undergoes pre-training for 14 days on 128 H20 GPUs, followed by176
SFT for 10 days and RL post-training for 5 days on 8 H100 GPUs. VectorLLM++177
supports native-resolution image input, preserving original image resolution through-178
out training and inference without task-speci}c cropping or resizing. For evaluation,179
we construct a benchmark that combines public EO datasets with our purpose-built180
GeoPolygon dataset.181

2.1 Benchmark for seven tasks182

The benchmark is designed to evaluate whether a single model can produce multiple183
forms of structured geospatial outputs—speci}cally, bounding boxes, polygons, seg-184
mentation masks, and text answers—across seven task types: dense detection, dense185
segmentation, dense polygon extraction, in-context detection, referring detection,186
change detection, and VQA, drawing on 23 Earth observation datasets in total. These187
tasks dizer in their granularity: dense understanding tasks require holistic scene inter-188
pretation, whereas sparse tasks such as referring detection focus on speci}c objects or189
regions rather than full-image processing. Detailed dataset statistics and metric def-190
initions are provided in the supplementary material. For dense polygon extraction,191
we introduce GeoPolygon, a multi-category benchmark for evaluating vector contour192
generation. It comprises 1,452 unique images, 8,820 polygon instances, and 18 object193
categories. Unlike detection and segmentation datasets, GeoPolygon provides polyg-194
onal contours delineated by human experts according to cartographic conventions as195
ground-truth annotations, enabling direct evaluation of vectorized contour generation.196

2.2 VectorLLM++ achieves superior performance on all tasks.197

Table 1 reports the main results across all tasks on the benchmark. VectorLLM++198
after SFT outperforms the previous best method across all 23 reported datasets and199
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Table 1: Overall performance on the benchmark. We compare VectorLLM++ with
the strongest previously reported method for each dataset and report the SFT and
RL checkpoints. Scores are percentages, and higher values indicate better performance
for all metrics. Bold values denote the best results, and underlined values denote the
second-best results.

Task type Dataset Metrics Previous best VectorLLM++
Method Score SFT RL

Dense detection DIOR F1(↑) RSCoVLM 41.0 58.4 60.9
HRSC2016 F1(↑) Rex-Omni 43.4 71.0 72.3
WHU F1(↑) Rex-Omni 45.0 70.2 71.2
WHU-Mix test1 F1(↑) Rex-Omni 28.5 40.1 60.2
WHU-Mix test2 F1(↑) Rex-Omni 33.0 42.0 55.0

Dense
segmentation

Globe230k mIoU(↑) Falcon 52.1 60.4 60.7

SIOR mIoU(↑) UniGeoSeg 70.0 75.3 76.0
SOTA mIoU(↑) UniGeoSeg 49.5 57.9 58.2
LoveDA mIoU(↑) Falcon 43.5 45.5 46.3

Dense polygon
extraction

GeoPolygon mAP(↑) VectorLLM 23.5 35.5 36.8

In-context
detection (k=1)

MAC F1@50(↑) Rex-Omni 80.0 86.3 88.7

Oilwell F1@50(↑) Rex-Omni 38.4 62.9 86.1
SolarPanel F1@50(↑) Rex-Omni 15.6 43.7 59.6

Referring detection DIOR-RSVG val Acc@0.5(↑) GeoGround 77.2 85.4 86.9
DIOR-RSVG test Acc@0.5(↑) GeoGround 77.7 85.9 86.3
RSVG val Acc@0.5(↑) GeoGround 27.6 62.1 64.2
RSVG test Acc@0.5(↑) GeoGround 26.6 67.6 69.1

Change detection WHU-CD mIoU(↑) Falcon 53.1 60.5 61.1
SYSU-CD mIoU(↑) Falcon 56.1 56.2 56.7
CCD mIoU(↑) Falcon 42.7 43.0 43.2

VQA HR test OA(↑) SHRNet 92.1 95.1 95.5
HR test_phili OA(↑) RSLVLM 93.1 95.8 96.1
LR OA(↑) EarthDial 92.7 95.1 95.2

metrics, indicating that the uni}ed instruction tuning is ezective across dizerent out- 200
put formats. The reinforcement learning further improves VectorLLM++ on all 23 201
EO datasets. The same progression is visible in Fig. 2, where SFT produces cleaner 202
non-VQA outputs than the previous SOTA and RL further improves alignment with 203
the ground truth. 204
Dense detection. VectorLLM++ improves dense detection performance on all }ve 205
evaluated datasets. Averaged over DIOR [3], HRSC2016 [40], WHU [41], and the two 206
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WHU-Mix test splits [42], the previous best [43, 44] F1-score is 38.2, while Vector-207
LLM++ reaches 56.3 after SFT and 63.9 after RL. The gains are particularly large208
on the more challenging WHU-Mix splits: on WHU-Mix test1, the RL checkpoint209
improves F1 from 28.5 to 60.2, and on WHU-Mix test2 from 33.0 to 55.0. On the stan-210
dard DIOR, HRSC2016, and WHU benchmarks, VectorLLM++ also improves the211
previous best scores by 19.9, 28.9, and 26.2 points, respectively. These results show212
that the model can generate dense box outputs reliably across object categories and213
dataset domains.214
Dense segmentation. VectorLLM++ consistently outperforms previous specialist215
models [45, 46] on all four benchmarks. The average mIoU increases from 53.8 for the216
previous best methods to 59.8 after SFT and 60.3 after RL. The largest improvements217
are observed on Globe230k [47] and SOTA [48], where the RL checkpoint improves218
mIoU by 8.6 and 8.7 points, respectively. On SIOR [48] and LoveDA [49], Vector-219
LLM++ reaches 76.0 and 46.3 mIoU, improving the previous best results by 6.0 and220
2.8 points. The relatively small but consistent RL gains over SFT suggest that SFT221
already on massive training data accounts for most of the segmentation improvement,222
while the RL stage provides additional re}nement.223
Dense polygon extraction. GeoPolygon evaluates a strict vector-output set-224
ting, where the model must produce explicit polygon contours rather than boxes225
or raster masks. On this benchmark, VectorLLM++ improves mAP from 23.5226
(VectorLLM [24]) to 35.5 after SFT and 36.8 after RL. The 13.3-point gain over Vec-227
torLLM demonstrates that the geometry-instruction data and the polygon-oriented228
training pipeline substantially improve contour-level localization.229
In-context detection. VectorLLM++ substantially improves one-shot visual230
prompting performance across all three evaluated categories. The average F1@50231
increases from 44.7 (Rex-Omni [44]) to 64.3 after SFT and 78.1 after RL. The RL232
checkpoint also raises MarineAquacultureCages (MAC) from 80.0 to 88.7. The gains233
are particularly large on Oilwell and SolarPanel, where F1@50 improves by 47.7 and234
44.0 points over the previous best results. These results indicate strong category235
transfer from the visual prompt to dense box prediction.236
Referring detection. VectorLLM++ achieves consistent improvements on both237
DIOR-RSVG [50] and RSVG [50]. On DIOR-RSVG, the RL checkpoint achieves 86.9238
Acc@0.5 on the validation split and 86.3 on the test split, exceeding the previous239
best method, GeoGround [19], by 9.7 and 8.6 points. The gains are larger on RSVG,240
where expressions are longer and more spatially descriptive: VectorLLM++ improves241
Acc@0.5 from 27.6 to 64.2 on the validation split and from 26.6 to 69.1 on the test242
split. Compared with the SFT checkpoint, RL further improves all four splits, with243
gains ranging from 0.4 to 2.1 points.244
Change detection. VectorLLM++ improves mIoU on all three bi-temporal change245
detection benchmarks. The RL checkpoint achieves 61.1 on WHU-CD [41], 56.7 on246
SYSU-CD [51], and 43.2 on CCD [52], increasing the average mIoU from 50.6 (previous247
best) to 53.7. The improvement is largest on WHU-CD (+8.0 points), while SYSU-248
CD and CCD show smaller but consistent gains, suggesting robust mask generation249
for changed regions.250
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VQA. VectorLLM++ achieves consistently high overall accuracy (OA) on all three 251
splits [35]. The RL checkpoint obtains 95.5 on HR test, 96.1 on HR test_phili, and 252
95.2 on LR, improving the average OA from 92.6 (previous best [53, 54]) to 95.6. The 253
consistent gains over SFT show that the RL stage also bene}ts simple remote sensing 254
question answering. 255

2.3 VectorLLM++ delivers superior polygon extraction across 256
diverse remote sensing objects 257

A realistic dense polygon extraction strategy requires two coupled capabilities: open- 258
vocabulary remote sensing object detection and polygon extraction. GeoPolygon 259
therefore provides a direct test of whether a model can localize category-speci}ed 260
objects and represent their boundaries as explicit polygons. While VectorLLM [24] 261
does not natively support open-vocabulary detection and relies on an external detec- 262
tor to }rst localize objects and then extracts polygons within those detected boxes, 263
VectorLLM++ performs category-conditioned object localization and polygon genera- 264
tion within a single MLLM framework. Fig. 3a shows the category-level mAP gains on 265
GeoPolygon. VectorLLM++ improves polygon extraction for diverse remote sensing 266
objects and scenes, including vehicles, chimneys, stadiums, water bodies, buildings, 267
playgrounds, roundabouts, covering both man-made and natural land-cover classes 268
with diverse sizes and densities. The largest gains after SFT are observed for vehicle 269
(+41.2), chimney (+41.1), stadium (+25.8), water (+24.0), and buildings (+23.3). 270
The overall comparison in Fig. 3c further demonstrates the bene}t of integrating 271
open-vocabulary detection with polygon generation. RSCoVLM [43]+VectorLLM [24] 272
obtains 21.7 mAP, while Rex-Omni [44]+VectorLLM [24] obtains 23.5 mAP. Vector- 273
LLM++ reaches 35.5 mAP after SFT and 36.8 mAP after RL, improving over the 274
stronger Rex-Omni+VectorLLM baseline by 13.3 points. This result indicates that 275
the gains are not only due to replacing the detector, but also re~ect the end-to-end 276
dense polygon extraction capability learned by the uni}ed VectorLLM++. In addition 277
to the open-vocabulary localization capacity, VectorLLM++ bene}ts from large-scale 278
bounding-box, segmentation mask, and polygon supervision, which jointly expose the 279
model to multiple geometric output formats. We also evaluate the generated polygons 280
from the perspective of vector shape quality. As shown in Fig. 3d, VectorLLM++ 281
substantially improves polygon IoU and C-IoU over VectorLLM. The polygon IoU 282
increases from 49.9 to 70.0, and C-IoU increases from 41.3 to 56.8, indicating better 283
overlap and complexity-aware contour alignment. For N-ratio, a metric that mea- 284
sures point-wise contour }delity, VectorLLM++ increases the score from 61.4 to 79.7, 285
indicating better consistency with human-aligned point-by-point delineation. These 286
results re~ect that VectorLLM++ improves both object-level matching and vector 287
contour quality, though polygon complexity control remains an orthogonal challenge 288
to mAP optimization. Moreover, VectorLLM++ supports in-context detection, allow- 289
ing visual exemplars to specify target categories on the ~y. We evaluate this ability 290
under both single-image and cross-image settings. As shown in Fig. 3e and 3f, increas- 291
ing the number of visual exemplars improves in-context detection performance. In 292
the single-image setting, F1@50 increases from 60.9 with k=1 to 71.7 with k=4, and 293
mIoU increases from 26.0 to 40.9. In the cross-image setting, F1@50 increases from 294
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Fig. 2: Visual comparison of the previous SOTA, VectorLLM++ SFT and RL check-
points across various tasks. a, Dense detection. b, Dense segmentation. c, Dense
polygon extraction. d, In-context detection, with green bounding boxes indicating the
provided visual exemplars. e, Referring detection. f, Change detection.
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Fig. 3: Additional quantitative analysis of VectorLLM++ performance. a, Category-
wise mAP improvements on GeoPolygon compared with VectorLLM. b, Task score
trajectories across training steps for multiple tasks. c, Overall GeoPolygon mAP com-
parison among baseline combinations and VectorLLM++ variants. d, Vector shape
quality evaluated via IoU, C-IoU and N-ratio. e, Single-image in-context detection
performance as the number of prompt boxes increases. f, Cross-image in-context detec-
tion performance with increasing prompt boxes. g, Ablation study on the synergistic
ezect among dizerent types of data. “Full” denotes training with all types of data;
“invalid” indicates the model fails to generate valid outputs and thus cannot be scored,
owing to the absence of task-speci}c data; “w/o” stands for prediction results with-
out the corresponding type of data in the training set. Training with all types of data
(blue bars) yields the highest performance score on every task.
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52.6 with k=1 to 73.9 with k=8, and mIoU increases from 27.3 to 37.3. The recall295
gains are especially clear in both settings, rising from 60.6 to 81.7 in the single-image296
setting and from 57.1 to 82.4 in the cross-image setting. These results show that297
VectorLLM++ can use visual exemplars from dizerent images as category prompts,298
extending its open-vocabulary detection capability beyond }xed training categories.299

3 Discussion300

3.1 Is there a synergistic ezect among dizerent types of dense301
perception data?302

A central motivation of VectorLLM++ is that a pixel-based mask and its vector-303
ized boundary represent two sides of the same object. Along with bounding boxes for304
localization, these three geometric primitives are uni}ed under a single next-token-305
prediction architecture. Learning them jointly not only expands the range of supported306
tasks, but also ozers a pathway toward a more uni}ed geometric representation of307
remote sensing objects. Beyond this conceptual advantage, the insight is substanti-308
ated by our experimental results. The data-ablation results in Fig. 3g suggest that309
dense perception data should not be viewed as a collection of isolated output gram-310
mars; rather, bounding boxes, masks, and polygons introduce complementary priors.311
Removing one annotation type, therefore, has two ezects: it disables the corresponding312
output grammar and, without complementary supervision is absent, can also weaken313
performance on the remaining valid tasks. This observation carries implications for314
scaling dense remote sensing models. Increasing the total amount of supervision is315
important, but data composition is at least as critical. A dataset dominated by a sin-316
gle annotation type may fail to provide the geometric constraints needed for other317
output formats. Future work should therefore investigate the ratio, curriculum, and318
co-training schedule of box, mask, and polygon data, rather than treating scale alone319
as the primary variable.320

3.2 Towards vector mapping of more object categories321

The large number of ground object categories presents a major obstacle for auto-322
mated mapping, with many categories being rare in practice. As an initial step, we323
establish an 18-category vector mapping benchmark in this work. To handle rare cat-324
egories beyond this set, we introduce in-context learning with visual exemplars. This325
ozers a complementary pathway to open-vocabulary models: rather than relying on326
text–image alignment, a visual exemplar speci}es the target category directly in the327
visual feature space shared with the query image, preserving appearance, scale, and328
contextual cues. The ablation studies on exemplar number (Fig. 3e and Fig. 3f) show329
that visual prompts consistently improve detection performance, even in cross-image330
settings, suggesting that VectorLLM++ can transfer category concepts from reference331
images to unseen scenes. Nevertheless, several limitations remain. First, the knowl-332
edge acquired from in-context exemplars is only available during inference and is not333
consolidated into the model’s parametric memory. A promising direction for future334
work is to incorporate few-shot learning to update a subset of model parameters,335
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enabling the model to retain knowledge about new categories without full retraining. 336
Second, certain categories are inherently ambiguous in both visual appearance and 337
semantic de}nition—for instance, sparsely vegetated land versus bare soil or grass- 338
land. This ambiguity also arises in human annotation, where dizerent experts may 339
apply con~icting criteria. A promising direction is to incorporate human-aligned ver- 340
i}cation, such as multi-annotator consensus or active learning with expert feedback, 341
to resolve ambiguous cases and establish clearer classi}cation boundaries. 342

3.3 How should data scaling be allocated to achieve balanced 343
improvements across tasks? 344

High-quality open-source remote sensing datasets—especially vector annotations— 345
remain far less abundant than their natural-image counterparts. As long as this data 346
scarcity persists, improvements in dataset size, quality, and diversity will continue to 347
drive MLLM performance. As shown in Fig. 3b, all tasks’ capabilities of the model 348
improve with increasing data volume. This is especially true for knowledge-intensive 349
tasks such as VQA, which are more sensitive to data size. Nevertheless, for dense 350
polygon extraction, simply adding more examples is not enough—training must also 351
incorporate explicit surveying and mapping conventions. This requires greater empha- 352
sis on geometric }delity—including boundary generalization, vertex placement, and 353
topology consistency—while simultaneously expanding data diversity to cover small, 354
thin, occluded, or densely packed instances. For change detection, the key bottle- 355
neck likely lies in temporal pair sampling, negative–positive balance, and real-world 356
scene variation. More broadly, future extensions of VectorLLM++ should jointly 357
consider sampling ratios, annotation quality, tokenizer capacity, and curriculum 358
schedules—i.e., training strategies that progressively increase instance di{culty—so 359
that additional data translates into balanced improvements across diverse tasks rather 360
than reinforcing only the dominant data sources. 361

4 Methods 362

4.1 Vector-instruction data engine 363

To address the scarcity of vector-level training data, we design a semi-automatic 364
vector-instruction data engine that converts remote sensing image tiles into veri- 365
}ed object-level vector annotations. As illustrated in Fig. 1a, given an input tile, 366
the pipeline identi}es candidate object concepts, generates class-conditioned masks, 367
converts the masks into vector polygons, and }nally veri}es geometric consistency 368
between the raster and vector representations. Only annotations that pass automatic 369
validation or are corrected by human annotators are retained. This design decou- 370
ples semantic concept discovery from geometric boundary extraction, enabling high 371
category coverage while maintaining mapping-grade annotation quality. 372
Candidate object discovery. For each image tile I, we construct an open- 373
vocabulary set of candidate object tags from three complementary sources. First, we 374
apply RAM++ [38] to the image to obtain high-recall semantic tags. These tags serve 375
as coarse object- and scene-level cues, providing robust fallback coverage for broad 376
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categories such as buildings, roads, water bodies, vegetation, vehicles, and bare land.377
Second, we prompt Qwen3-VL [14] to generate a detailed caption of the image. We378
parse object-related noun phrases and category expressions from the caption, which379
typically ozer more }ne-grained and context-speci}c concepts than the RAM++ tags,380
for example, industrial tanks, temporary shelters, greenhouse structures, parking lots,381
sports }elds, or construction areas. Third, we introduce a manually curated candidate382
vocabulary covering the seed mapping categories and their common aliases. This }xed383
vocabulary ensures that important target classes are not missed when they are visually384
subtle, poorly described by the caption, or absent from generic tagging vocabularies.385
The three tag sources are merged into a uni}ed candidate set,386

T (I) = Merge
(
TRAM(I), Tcap(I), Tmanual

)
, (1)387

where TRAM denotes RAM++ tags, Tcap denotes categories parsed from the Qwen3-388
VL caption, and Tmanual denotes the manually speci}ed candidate vocabulary. The389
merge operation normalizes category names, removes duplicates, and resolves near-390
synonymous expressions into canonical labels while preserving useful aliases for391
prompting. We intentionally retain both coarse and }ne-grained labels when they392
are semantically complementary: coarse tags improve recall, while }ne-grained tags393
improve the speci}city of downstream promptable segmentation.394
Class-conditioned mask synthesis. The merged tag set T (I) is then used to guide395
promptable object segmentation. For each candidate tag t ∈ T (I), the image and the396
corresponding text prompt are fed to SAM3 [39] to generate a set of candidate object397
masks,398

Mt(I) = {mt
i}

Nt

i=1 (2)399
yielding dense, class-conditioned raster proposals for all candidate objects identi}ed in400
the semantic discovery stage. Since multiple prompts may refer to the same physical401
object, the raw masks may contain duplicates across semantically related categories.402
We therefore apply mask-level non-maximum suppression based on pairwise mask403
IoU. When two masks exhibit large spatial overlap, the lower-con}dence duplicate404
is suppressed, and their associated category tags are merged into a shared semantic405
label set. This allows the same object to inherit information from multiple prompts,406
for example, when a region is detected as both a building and an industrial facility.407
The resulting consolidated mask set is denoted as:408

M̂(I) = {(m̂k, ĉk)}
K
k=1, (3)409

where m̂k is a retained object mask and ĉk is its associated category descriptor. Each410
retained mask is converted into a tight bounding box,411

b̂k = Box(m̂k), (4)412

which is used to crop an object-centric image patch from the original tile. To provide413
su{cient boundary context, the crop is taken around the mask bounding box with414
a small spatial margin, while the coordinate transform between the crop and the415
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original image is recorded. This object-centric formulation reduces interference from 416
neighbouring instances and aligns with the input format of VectorLLM [24], which is 417
designed to extract the vector contour of the most salient central object in a cropped 418
image. 419
Vector contour extraction. For each object crop, we use VectorLLM to generate 420
a polygon for the central object. Let P crop

k denote k-th polygon predicted in the crop 421
coordinate system. We map it back to the original image tile using the stored crop 422
transform: 423

Pk = A−1
k (P crop

k ), (5) 424
where Ak is the a{ne transformation from the original image to the crop. The result- 425
ing polygon Pk is then post-processed to satisfy basic vector-map constraints: we 426
close polygon rings, remove degenerate vertices, discard spurious small components, 427
and simplify redundant boundary points using a controlled tolerance. This simpli}ca- 428
tion reduces annotation complexity while preserving the overall object shape, yielding 429
compact polygons that are easier to edit and integrate into GIS work~ows. Finally, 430
each geometric entity contains a polygon Pk, its corresponding SAM3 mask m̂k, and 431
the merged category descriptor ĉk, 432

P(I) = {(Pk, m̂k, ĉk)}
K
k=1, (6) 433

where the mask provides a dense region reference, while the polygon ozers a carto- 434
graphic representation suitable for downstream vector-based training and evaluation. 435
Geometric consistency veri}cation. While SAM3 masks and VectorLLM poly- 436
gons provide complementary supervision, they may disagree when the segmentation 437
mask is incomplete, the crop contains adjacent objects, or the polygon extrac- 438
tor follows a visually salient but semantically incorrect contour. To identify such 439
cases, we rasterize each polygon Pk back into a binary mask r(Pk) and compute its 440
intersection-over-union score with the corresponding SAM3 mask: 441

IoUk =
|r(Pk) ∩ m̂k|

|r(Pk) ∪ m̂k|
. (7) 442

If IoUk ≥ 0.8, the polygon is considered geometrically consistent with the mask and 443
is accepted after basic validity checks. If IoUk < 0.8, the annotation is ~agged as 444
unreliable. The ~agged cases are routed to human annotators for detailed inspection 445
and repair. During review, annotators compare the original image, the SAM3 mask, 446
and the VectorLLM polygon, then correct the boundary, adjust the category label, 447
split or merge instances, or discard the sample if the target object is ambiguous. 448
This veri}cation strategy concentrates manual ezort on high-risk cases rather than all 449
generated annotations. By doing so, the pipeline retains the scalability of automatic 450
segmentation and vector extraction while enforcing mapping-grade contour quality. 451
Instruction data synthesis. The veri}ed annotations are }nally converted into 452
multimodal instruction-following samples. We unify these vector samples with publicly 453
available data for other tasks into three general types of examples. First, language- 454
prompted samples instruct the model to recognize all objects matching a textual 455
category description and output them as bounding boxes, polygons, or masks. Second, 456

15



visual in-context samples provide one or more exemplar geometries and require the457
model to identify other objects of the same category. Third, mixed-prompt samples458
pair natural-language descriptions with exemplar boxes, polygons, or masks, teaching459
the model to interpret joint textual and visual speci}cations. The }nal data records460
are organized as tuples (I, q, y), where I is the image tile, q is the prompt (language,461
visual, or combined), and y is the target geometric output–a set of boxes, polygons,462
or segmentation masks depending on the task. This uni}ed representation enables the463
model to learn dense mapping from heterogeneous prompts while sharing supervision464
across localization, vector extraction, and mask generation.465

4.2 Model architecture466

As illustrated in Fig.4a, VectorLLM++ consists of a base MLLM, a vector tokenizer,467
and a mask tokenizer. The base MLLM builts on Qwen3-VL [14] without modifying its468
original architecture, enabling native-resolution, multimodal, and multi-image inputs.469
To equip the base MLLM with diverse EO capabilities under the uni}ed next-token470
prediction paradigm, we introduce a uni}ed geometric tokenization scheme. Speci}-471
cally, a vector tokenizer encodes geometric primitives—points, bounding boxes, and472
polygons–while a mask tokenizer encodes segmentation masks. During training, the473
two tokenizers convert original geometric annotations into discrete token sequences;474
during inference, they decode the predicted geometric token sequences back into475
coordinate sequences or masks, respectively.476
Vector tokenizer. Bounding boxes and polygons are both composed of coordinate477
points; their ~oating-point values can in principle be represented as text sequences.478
However, directly using ~oating-point coordinates introduces several issues. First,479
a text tokenizer typically decomposes a ~oating-point number into multiple tokens480
rather than treating it as a single semantic unit, creating a misalignment between481
coordinate tokenization and the geometric representation expected by the model. Sec-482
ond, predicting ~oating-point values increases the di{culty of coordinate learning and483
complicates optimization. Third, remote sensing images vary in resolutions and aspect484
ratio, and objects dizer substantially in size; both factors cause large variations in485
coordinate distributions and further complicate model optimization. To address these486
issues, we introduce a vector tokenizer that quantizes x- and y-axis coordinates into487
discrete tokens. Speci}cally, x-axis tokens span <x0000> to <x1023>, and the y-axis488
tokens span <y0000> to <y1023>. For example, <x0000><y0000> maps to the upper-489
left corner, while <x1023><y1023> maps to the lower-right corner. After tokenization,490
each coordinate value is represented as a single discrete token rather than being split491
into multiple text tokens. The coordinate distribution is normalized to the range of 0–492
1023, reducing optimization di{culty and improving generalization to unseen aspect493
ratios, resolutions, and object sizes.494
Mask tokenizer. As shown in Fig. 4b, the mask tokenizer RSM-Tok consists of495
three coupled modules: a mask encoder, a quantizer, and a mask decoder. The mask496
tokenizer represents a binary object mask as a short sequence of quantized discrete497
mask tokens, enabling autoregressive mask-token generation in a MLLM followed by498
decoding back to a segmentation mask with the mask encoder. The mask encoder499
reuses the prompt pathway of SAM2 [55]. Speci}cally, the input mask is }rst resized500
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Fig. 4: Model architecture of VectorLLM++. a, VectorLLM++ consists of a base
MLLM, a vector tokenizer and a mask tokenizer. The MLLM is built based on
Qwen3VL. The vector tokenizer is responsible for tokenizing bounding boxes and
polygons in training data into discrete geometric tokens, as well as de-tokenizing geo-
metric tokens generated by the model back into bounding boxes and polygons. The
vector tokenizer requires no modular design and can be implemented with just a few
lines of code. The mask tokenizer tokenizes segmentation masks in training data into
discrete mask tokens, and de-tokenizes mask tokens output by the model into seg-
mentation masks. b, The mask tokenizer is mainly composed of a mask encoder, a
quantizer and a mask decoder, and it reuses the prompt encoder, image encoder and
mask decoder of SAM2.

to the SAM2 prompt encoder’s required resolution and then fed into it as a mask 501
prompt. The SAM2 prompt encoder outputs dense prompt embeddings, which are 502
jointly fed with SAM2 image features into the mask encoder for fusion and further 503
processing. The mask encoder uses a lightweight two-way transformer with learnable 504
mask queries. Its main function is to generate K consecutive mask embeddings: 505

E = fmsk (fimg(I), fprm(M)) = [e1, ..., eK ], ei ∈ R
C , (8) 506
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where C denotes the feature dimension of each mask embedding and is set to 256 by507
default. Inside the two-way transformer, we use causal self-attention, ensuring that508
the embedding sequence respects autoregressive order: later embeddings can attend509
to earlier ones, while earlier embeddings cannot access information from later ones.510
This aligns the mask embedding sequence with the causal with constraint required511
by next-token prediction. We build RSM-Tok on SAMTok [56], which uses residual512
quantization to discretize consecutive mask embeddings, and introduce an additional513
bottleneck before quantization to make the representation more compact. Speci}cally,514
a group of K consecutive mask embeddings are }rst concatenated along the channel515
dimension and then compressed by an MLP into a single high-dimensional compact516
mask embedding:517

ecompact = MLP
(
Concat(e1, e2, . . . , eK)

)
∈ R

D, (9)518

where D denotes the dimension of the compact and is set to 512 by default. The519
compact embedding is then quantized through a sequence of residual quantization520
stages:521

r0 = ecompact,

zd = argmin
j

∥rd−1 − cd,j∥
2
2,

qd = cd,zd ,

rd = rd−1 − qd,

q =
∑

d

qd.

(10)522

Here, rd is the residual after the d-th quantization stage, cd,j is the j-th embedding523
in the codebook of the d-th stage, zd is the nearest-neighbor code index, qd is the524
quantized vector from that stage, and q is the }nal quantized output obtained by sum-525
ming over all L stages. Euclidean distance is used for nearest-neighbor lookup. During526
training, the codebooks are updated via exponential moving average (EMA) rather527
than gradient descent. Cluster sizes and assigned embedding sums are maintained528
and synchronized across distributed nodes via all-reduce operations. Unused codes529
are reinitialized during training to improve codebook utilization and prevent collapse.530
The mask decoder reconstructs the generated discrete mask tokens into a segmenta-531
tion mask. After the MLLM predicts a sequence of mask tokens, the tokenizer maps532
them back to the corresponding codebook entries, recovers the compact quantized533
embedding, and expands it into multiple mask embeddings. These mask embeddings534
are treated as sparse prompt token and fed, together with image embeddings, into the535
mask decoder–which follows SAM2’s design and uses a two-layer two-way transformer–536
to produce the }nal binary mask. In this way, the mask tokenizer establishes a closed537
loop: between raster segmentation masks and autoregressive mask-token sequences.538
Segmentation masks are encoded into discrete tokens for language-model training and539
decoded back into pixel-level masks during inference. Notably, our mask tokenizer is540
pre-trained independently from the MLLM and can therefore be readily adopted by541
any MLLM for tasks requiring dense pixel understanding.542
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4.3 In-context learning 543

We construct visual-prompted in-context instruction data by reorganizing dense 544
object detection annotations. For each image I, we }rst group object instances by 545
category. Let 546

Bc = {bc,j}
Nc

j=1
(11) 547

denote the complete set of bounding boxes belonging to category c, where Nc is the 548
number of corresponding instances. We sample a subset Pc ⊆ Bc as visual prompts, 549
while the supervision target remains the full box set Bc. The in-context detection task 550
is thus formulated as: 551

B̂c = MLLM (I,Pc) , (12) 552
where B̂c denotes the predicted bounding boxes of the category speci}ed by the visual 553
prompts. The model autoregressively generates the complete set of target boxes using 554
the same coordinate tokens as our vector tokenizer, remaining compatible with the 555
next-token prediction objective of the base MLLM. For images containing multiple 556
categories, we organize the instructions in a multi-turn dialogue format, where each 557
turn focuses on one category. For cross-image prompting, we select exemplar boxes 558
from a support image Is and use them to identify corresponding objects in a dizerent 559
query image. 560

4.4 Reinforcement learning with veri}able rewards (RLVR) 561

After supervised }ne-tuning, the model can already follow multimodal prompts and 562
emit structured geometric tokens. However, maximum-likelihood training treats each 563
token independently and cannot directly optimize the geometric quality of the decoded 564
output. Small token-level errors can propagate into large spatial deviations, invalid 565
boxes, unmatched instances, or over-complex polygons. We therefore align the model 566
via RLVR, where the reward is computed from the parsed geometric prediction against 567
the reference annotation. 568
Rollout pipeline. Given an input remote sensing image and prompt x, the policy 569
model πθ samples a group of K candidate responses {yi}

K
i=1 via the rollout engine. 570

Each response is parsed into a task-speci}c geometric structure and evaluated by a 571
veri}able reward function R(yi, y

∗,m), where y∗ is the ground-truth annotation and 572
m encodes task metadata such as output type and coordinate resolution. 573
Reward system. The reward function is task-speci}c and supports bounding boxes, 574
polygons, and mask tokens. For all structured geometric outputs, predictions are 575
expected to follow a JSON-array format where each geometry record is paired with 576
its category phrase. If JSON parsing fails, the system applies fallback parsing to 577
recover geometric tokens from raw text. Successfully recovered fallback outputs incur 578
a format penalty of 0.8, while unrecoverable or malformed predictions receive zero 579
reward. This design makes format validity and parseability part of the alignment 580
signal. For bounding-box outputs, both predictions and references are grouped by 581
semantic phrase. For a phrase p, let Bp and B∗

p denote the predicted and reference 582
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boxes. We compute a bidirectional best-match IoU:583

Rbox(p) =
1

2


 1

|Bp|

∑

b∈Bp

max
b∗∈B∗

p

IoU(b, b∗) +
1

|B∗
p|

∑

b∗∈B∗

p

max
b∈Bp

IoU(b, b∗)


 . (13)584

The }nal box reward is averaged across phrases. This bidirectional formulation585
rewards accurate localization while penalizing both missing ground-truth objects and586
redundant predictions. For polygon outputs, each predicted polygon token sequence is587
parsed into vertices and rasterized into a binary mask. The primary term is a phrase-588
level bidirectional polygon mask IoU, computed analogously to the box reward. To589
encourage compact and editable vector outputs, we further introduce a node-count590
reward. Predicted and reference polygons are paired using Hungarian matching on591
the IoU matrix, and each matched pair receives a vertex-e{ciency score that penal-592
izes predictions with more vertices than their matched reference. The }nal polygon593
reward is594

Rpoly = 0.75RIoU + 0.25Rnode. (14)595
This reward directly encourages region agreement while discouraging over-fragmented596
polygon boundaries. For segmentation masks, outputs are represented as ordered597
sequences of special tokens. Each predicted mask is compared with the reference598
sequence using pre}x consistency: the pairwise score is the ratio of consecutively599
matching tokens from the start of the sequence to the total mask-token length.600
Phrase-level and }nal mask rewards are then computed with the same bidirectional601
best-match aggregation used for bounding boxes. This provides a veri}able alignment602
signal for mask-token generation without requiring a learned reward model. For VQA603
tasks, we apply rule-based rewards only for veri}able answer types, including binary604
(yes/no) questions and multiple-choice questions with explicit options. VQA predic-605
tions are free-form text. The system }rst attempts to extract an answer }eld from606
a JSON-style response, and otherwise normalizes the raw text. For binary questions,607
variants such as “yes/no” and “true/false” are mapped to Boolean labels. For multiple-608
choice questions, the response is parsed into a legal option label (e.g., A/B/C/D).609
The reward is 1 for exact matches, and 0 otherwise. Unparseable or unsupported610
open-ended answers receive zero reward.611
Hard sample mining. To improve the usefulness of RL samples, we estimate candi-612
date di{culty before training by generating multiple rollouts and scoring them with613
the same reward functions. Samples with uniformly zero or uniformly perfect rewards614
are removed, since they provide little relative learning signal for group relative policy615
optimization (GRPO) [33, 34]. The remaining samples are binned by reward-based dif-616
}culty and sampled to maintain a balanced mix of easy, medium, and hard examples.617
Overall, perceptual RLVR translates geometric correctness, phrase grounding, format618
validity, and vector compactness into direct optimization signals, pushing the model619
to move beyond token-level imitation toward mapping-grade geometric generation.620
Optimization of the policy model. We optimize the model with GRPO. For621
each prompt, rewards within the sampled group are normalized to produce relative622
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advantages: 623

Ai =
Ri −mean({Rj}

K
j=1)

std({Rj}Kj=1) + ϵ
. (15) 624

The policy model is then updated using a clipped policy-gradient objective, with a 625
Kullback–Leibler (KL) regularization term that constrains it to remain close to the 626
reference model. In our implementation, KL is applied in the actor loss rather than 627
being added to the scalar reward. This preserves the interpretability of the veri}able 628
reward while stabilizing optimization. 629

4.5 Training pipeline 630

This subsection summarizes the training pipeline for VectorLLM++. We }rst con- 631
struct the training data using our vector-instruction data engine together with publicly 632
available datasets. The mask tokenizer is pre-trained separately, after which both the 633
mask and vector tokenizers are used to pre-tokenize the data for the three MLLM 634
training stages. The full model is then optimized through large-scale pre-training, 635
supervised }ne-tuning (SFT), and reinforcement learning post-training. The resulting 636
model is a remote sensing MLLM that supports seven distinct tasks under a uni}ed 637
next-token prediction framework. 638
Mask tokenizer training. We train RSM-Tok independently before MLLM training. 639
Its training data are constructed by mixing curated remote sensing segmentation 640
masks (the same for training dense segmentation task) with SA-1B masks [57] at a 641
1:1 ratio, so that the tokenizer learns both remote sensing object masks and general 642
binary-mask geometry. Given a binary mask M , the mask tokenizer encodes it into 643
residual-quantized mask tokens and decodes them back into a reconstructed mask M̂ . 644
Following SAMTok [56], we optimize the tokenizer with reconstruction and codebook 645
losses: 646

Lmtok = LBCE(M̂,M) + λdiceLDice(M̂,M)

+ λcb

L∑

d=1

∥sg(rd−1)− qd∥
2
2 + λcom

L∑

d=1

∥rd−1 − sg(qd)∥
2
2,

(16) 647

where rd−1 is the residual input to the d-th quantization stage, qd is the selected code- 648
book vector, and sg(·) denotes stop-gradient. The }rst two terms are reconstruction 649
losses: LBCE provides pixel-wise binary supervision, while LDice improves region-level 650
overlap and alleviates foreground-background imbalance. The third term, the code- 651
book loss, drives the selected codebook embeddings toward the encoder residuals. 652
The fourth term, the commitment loss, encourages the encoder output to stay close 653
to the selected codes and stabilizes quantization. After training, the mask tokenizer– 654
comprising the mask encoder, quantizer, and decoder–is frozen and serves as the mask 655
serialization interface for VectorLLM++. 656
O|ine tokenization of training data. We then pre-tokenize all geometric annota- 657
tions. Bounding boxes and polygons are normalized to the image extent and serialized 658
by the vector tokenizer into discrete coordinate tokens. Segmentation masks are 659
encoded by the frozen mask tokenizer into ordered mask tokens. Language answers, 660
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category names, referring expressions, and VQA responses remain standard text661
tokens. Therefore, each example is converted into a multimodal instruction tuple662
(I, q, s), where I denotes the image ( or image pair), q is the instruction with optional663
visual prompts, and s is the target token sequence. All subsequent MLLM training664
uses the same next-token prediction objective:665

Lntp = −
T∑

t=1

log pθ(st | s<t, I, q). (17)666

Large-scale pre-training. Starting from the Qwen3-VL backbone equipped with the667
vector tokenizer and mask tokenizer, we }rst pre-train VectorLLM++ on large-scale668
detection and segmentation data. This stage uses 62.9M image-level samples summa-669
rized in Fig. 1b, comprising 11.0M detection samples without semantic labels, 21.2M670
detection samples with semantic labels, 11.0M segmentation samples without seman-671
tic labels, and 19.7M segmentation samples with semantic labels. This stage adapts672
the base MLLM to remote sensing visual grounding and dense geometric generation673
before introducing the full task mixture.674
Supervised }ne-tuning. After pre-training, we }ne-tune the model on a high-quality675
instruction mixture covering seven capabilities: dense detection, referring detection,676
in-context detection, dense segmentation, dense polygon extraction, change detection,677
and VQA. The dense polygon extraction data include the GeoPolygon train split gen-678
erated by our data engine, containing 1,213,855 polygon dialogues and 1,834 target679
phrases. Together with public datasets, the SFT mixture contains 7,193,499 sam-680
ples: 544,575 detection, 163,903 change-detection, 3,723,132 segmentation, 1,993,513681
polygon-extraction, and 768,376 VQA samples. This stage teaches the model the }nal682
instruction formats and aligns each task with its corresponding output grammar.683
Post-training with GRPO. Finally, we initialize from the SFT checkpoint and684
apply the RLVR procedure described above. We generate candidate rollouts, compute685
task-speci}c veri}able rewards, discard samples that consistently yield zero or per-686
fect rewards, and keep the remaining hard samples for GRPO training. The RL stage687
uses 47,701 mined samples, including 9,800 samples each for detection, change detec-688
tion, segmentation, and polygon extraction, and 8,501 samples for VQA. This stage689
directly optimizes output validity and geometric quality, }nally yielding a single Vec-690
torLLM++ model that supports all seven remote sensing perception and reasoning691
tasks.692
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