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Abstract

Building outline extraction from remote sensing imagery
traditionally relies on segmentation or detection followed
by post-processing to derive polygonal geometries. Despite
advances in sequential prediction methods [2, 20], end-to-
end extraction remains challenging, often missing buildings
or requiring additional refinement steps.

In this work, we reformulate building outline extraction
as next-coordinate prediction using decoder-only large lan-
guage models (LLMs). We show that effective serialization
of all building vertices within an image is critical for uni-
fied generation. To support spatial reasoning, we learn
a distance-aware coordinate token space, and introduce a
smoothed loss formulation to improve training stability and
robustness to dataset noise. Our tailored LLM further in-
corporates coordinate token embeddings with triplet reg-
ularization to enforce spatial consistency, enabling direct
vertex sequence generation. The proposed approach pro-
duces complete and concise building polygons directly from
imagery without post-processing, outperforming state-of-
the-art methods on four benchmarks (INRIA, SpaceNet2,
CrowdAl, and WHU) and demonstrating stronger cross-
dataset generalization. Extensive analysis highlights how
LLMs can be fundamentally adapted for structured geomet-
ric generation beyond natural language tasks.

1. Introduction

From urban planning to disaster response, building foot-
print extraction from satellite imagery underpins numerous
real-world applications [16, 22, 30]. Despite decades of re-
search [10, 40], the task remains challenging due to urban
complexity and spectral ambiguity.

Most existing approaches adopt multi-stage pipelines:
they first produce pixel-wise segmentation maps [8] or
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Figure 1. From multi-stage pipelines to direct polygon sequence
generation. (a) Conventional mask-based and (b) keypoint-based
methods require post-processing steps, whereas (c) our Large
Polygon Language Model (LPM) directly generates building poly-
gons as coordinate sequences using an LLM.

classification maps [2], and then rely on heuristic post-
processing to convert intermediate network outputs into
vectorized polygons [31]. Such indirect designs inevitably
accumulate errors and often yield geometries with redun-
dant details or unrealistic shapes. Although recent works
attempt to simplify the pipeline using keypoints and con-
nectivity modeling [2, 33, 41], a truly end-to-end frame-



work that directly outputs building polygons is still lacking.

In this work, we formulate building footprint extraction
as a next-coordinate prediction problem using decoder-only
large language models (LLMs) [25]. Inspired by the strong
sequential modeling capability of LLMs [19, 26, 27], we
reinterpret polygon generation as a sequence modeling task.
While prior works explore sequential prediction for poly-
gons [2, 20], they still depend on post-processing and can-
not directly generate complete building outlines.

We argue that effective serialization of all polygon ver-
tices within an image is key to end-to-end learning. Sim-
ilar to how language models rely on consistent grammat-
ical structures, polygon generation requires a consistent
vertex ordering rule to capture geometric dependencies
across buildings. Based on this insight, we design a tai-
lored decoder-only architecture — the Large Polygon Lan-
guage Model (LPM) — for direct building outline gener-
ation. As illustrated in Fig. 1, LPM treats building poly-
gons as discrete coordinate token sequences conditioned on
the image. With specialized coordinate tokenization, spa-
tial encoding, and customized generation strategies, LPM
directly outputs vectorized building outlines without post-
processing. Moreover, we design a robust training regu-
larization scheme for next-coordinate prediction to handle
prevalent noisy annotations, where building outlines are not
perfectly aligned with image boundaries. We summarize
the main contributions as follows:

* The first successful end-to-end method for remote sensing
building polygon extraction using LLMs;

» Novel architectural adaptations, including coordinate to-
kenization, robust training strategies, and customized se-
quence generation for geometric computer vision tasks;
and

* State-of-the-art performance with consistent metric im-
provements across multiple benchmarks, along with de-
tailed ablation studies, opening a new avenue for geomet-
ric computer vision.

2. Related Work

Mask-based Methods. Conventional deep learning ap-
proaches treat building extraction as pixel-wise semantic
segmentation, which is leveraged to construct global-scale
building outline datasets [40]. Foundational segmenta-
tion models like SAM [18] and SAM2 [28] provide seg-
mentation capabilities across more classes, with SAMPoly-
Build [31] specifically SAM for building extraction. How-
ever, the fundamental limitation remains: rasterized masks
necessitate additional regularization steps [35] to generate
vectorized polygons needed for applications. This step is
non-differentiable and prone to error, breaking end-to-end
learning and often come with artifacts that degrade polygon
quality.

Keypoint-based Methods. Considering segmentation lim-
itations, recent methods lean towards predicting polygon
vector representation (Figure 1b). These approaches de-
compose polygon generation into a multi-step procedure
with geometric primitives detection and connectivity-based
assembly [12]. PolyWorld [41] uses Graph Neural Net-
works for vertex connectivity, P2PFormer [38] employs
transformer attention for line segment assembly, and Poly-
Building [ 14] introduces polygon queries for end-to-end de-
tection. PolyRCNN [17] adapts region-based object detec-
tion frameworks for polygon prediction. The current SOTA,
Pix2Poly [2], treats polygon generation as graph vertex con-
nection problem, generating vertices and then connecting
them (Figure 1b). However, this still requires solving two
distinct sub-problems: vertex detection and connectivity.
This decomposition can lead to connectivity ambiguities in
complex scenarios with dense or overlapping buildings.

Foundation Models and Multimodal LLMs. Founda-
tion models have revolutionized natural language process-
ing and computer vision [4]. LLMs like GPT [6, 25] ex-
cel at autoregressive sequence generation and structured
prediction through next-token prediction. Multi-modal
LLMs extend these capabilities to vision-language reason-
ing [36]. CLIP [27] pioneered vision-language alignment,
while LLaVA [19] and GPT-4V [1] demonstrate sophisti-
cated visual understanding. However, research on adapting
these methodologies to structured geometric tasks in remote
sensing like polygon generation has not been explored.

Sequential Prediction for Polygon Extraction. Several
efforts have been made to detect objects with a polygon rep-
resentation. Pix2Poly [2] utilizes a transformer to generate
all the vertex candidates in an orderless manner, however,
it still relies on extra modules to connect predicted vertices,
possibly resulting in unrealistic polygon shapes or merged
polygons between neighboring buildings. PolyFormer [20]
predicts polygon key vertices in an ordered manner, but it
is designed for referring image segmentation with language
descriptions. Therefore, it is not straightforward to extract
all the building outlines in an image with their formula-
tion. Recently, the concurrent work, MARS [37] leverages
a decoder-only LLM to build a foundation model for map
generation and is able to produce building polygons with
user interactions.

Different from previous works, the proposed LPM aims
to extract all the building outlines from an image with no
auxillary information (e.g., user interactions, language de-
scriptions) and post-processing steps. Furthermore, we dive
deep into training details and present a tailored LLM for ge-
ometric generation, with a distance-aware coordinate token
space and robust training strategies to data noise.
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Figure 2. The diagram of the proposed LPM framework for end-to-end building outline extraction. We develop a tailored LLM with
task-specific regularization terms to predict M key points from N buildings, which is achieved through serialization of all the key points.
The LPM predicts all the key points autoregressively for the buildings BO1, - - -, BOn.

3. Method

Large language models gain knowledge and paragraph un-
derstanding capability by learning from conversations, liter-
atures, source codes, etc. Consistency in vocabulary, gram-
mar, and semantics provides the foundation for learning
powerful language models for various generative tasks. In
this section, we depict our large polygon language model
(ak.a., LPM) for direct building outline extraction, which
rethinks building extraction from the language generation
perspective by seeking a rule for representing building out-
lines.

3.1. Direct Polygon Sequence Generation

LPM combines a vision encoder with a decoder-only lan-
guage model. Our framework is adaptable to different vi-
sion backbones and decoder-only language models. In this
paper, we leverage SAM2’s vision encoder [28] and Dis-
tilledGPT2 [29], which has 82M parameters and serves as
a lightweight language model. Because we do not aim at
answering diverse questions or extracting thousands of ob-
ject categories, we only employ DistilledGPT2 to showcase
the effectiveness of our framework at low costs.

Although previous work [2] attempted sequential build-
ing polygon extraction, it produced unordered key points
and failed to learn the logic of building outline genera-
tion. In contrast, Figure 2 illustrates the LPM architec-

ture, where it takes encoded remote sensing image features
as <VISUAL> tokens and generates all the building key
points autoregressively with the language model. We split
the key points from individual buildings, by inserting the
token <SEP> between different buildings. The generation
is triggered and stopped, when the tokens <SOS> / <EOS>
are given (i.e., training) or predicted (i.e., inference). As a
result, all the buildings in an image can be extracted from
the predicted sequence, where the model is trained by a se-
rialization step of all the building key points.

3.1.1. Serialization of building polygons

Consistent building polygon serialization is crucial, similar
to language grammar [5] or programming logic [24]. Fig-
ure 2 shows how our method processes ground truths and
leverages them to train a model for building outline gener-
ation. The serialization consists of 2 steps: determining the
building orders, and determining the key point orders.

For the building outline orders, we calculate the mini-
mum distance of each building to the top-left (TL) image
corner, and then rank the minimum distance to determine
the building orders. After that, we order the key points in
a building in the clockwise manner, starting from the point
with the minimum distance to the TL image corner. We
then serialize all key points from different buildings into
a single sequence. To indicate different building outlines,
we apply <SEP> between different buildings. Therefore, a
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Figure 3. Similarity curves between token embeddings and the embedding of target locations. We clearly observe our triplet loss regularizes
the coordinate token embedding space well, leading to a smoother and more reasonable token space.

ground truth token sequence is created by adding <SOS>
and <EOS> tokens, for LLM training. For instance, the im-
age in Figure 2 has 44 key points from 7 buildings. The
serialization process creates a GT sequence [<SOS>, 1,
Y1y oeer T4y Y4, <SEP>, T35, Y5, ..., Ta4, Y44, <SEP>, <EOS>]
from the original GT outline.

From our study, it is observed that a consistent rule to
represent building key points is important, which is similar
to the consistent words, grammar, and paragraph structures
for learning powerful language models in chatbot [9, 15] or
Al coding system [7]. To verify the importance of a suc-
cessful serialization, we provide ablation studies on differ-
ent orders in Sec. 4.4.

3.2. Vision Encoder

We extract image tokens from remote sensing images to en-
able LLM inference. The extracted features are reshaped
into 2D matrices of size hras X K, where hyp s is the
LLM hidden dimension and K is the total number of image
embeddings.

The pretrained SAM2 vision encoder is applied to ex-
tract hierarchical features from 4 different stages, capturing
both fine-grained details from early layers and high-level se-
mantics from later layers. Given an image of size H x W,
we obtain features at stages {F;}?_,, where F; € R& X
and k; is the downsampling factor for the i-th stage. To
fuse multi-stage features, a fusion module is learned, which
consists of several convolution blocks and concatenation of
multi-stage features. The fusion module produces a dense
feature map at the dimension of hzry x 4& x ¥, where
hr s is the hidden dimension of the LLM and the spatial
dimension is downsampled by 16. Furthermore, we also
adopt PSP module [39] to aggregate hierarchical context in-
formation, which is popular in semantic segmentation. The
PSP module outputs hierarchical features at the dimension
Of]’LLL]\/] x 1 X 1, hLL]\/[ X 2 X 2, and hLL]M X 4 x 4.

Eventually, considering a 224 x 224 image as the ex-
ample, 217 (e, (23)? + 17 + 22 + 4%) tokens, fol-
lowed with LayerNorm, are fed into the LLM decoder
(i.e., <VISUAL>) to generate building outlines. As Dis-

tilledGPT?2 is adopted, where hyp; = 768, our context
tokens have the dimension of 768 x 217. This design en-
ables seamless integration of visual features with language
model processing, allowing the transformer to capture lo-
cal geometric details and global spatial patterns, for better
localization of building outlines.

3.3. LLM Decoder as the Polygon Generator
3.3.1. Coordinate Tokens

Unlike traditional language models that use a tokenizer to
partition input sentences, our approach explicitly defines to-
kens to represent image indices for the polygon coordinate
prediction. In addition to image token <VISUAL>, and spe-
cial tokens <SOS>, <SEP>, and <EOS>, we define coordi-
nate tokens as <INDEX=i>, where ¢ = 0,---, N — 1 and
N is the maximum image size. For a 224 x 224 image,
our model needs 226 predefined tokens, by incorporating
special tokens: <SOS> marks sequence start, <SEP> sep-
arates individual buildings, and <EOS> indicates sequence
completion. Additionally, the coordinate tokens are shared
across both x- and y-axes, and the LLM learns to predict co-
ordinate sequences by alternating between x and y values in
pairs, as illustrated in Figure 2.

3.3.2. Training

A fundamental limitation of pretrained LLMs on geometric
tasks is that token embeddings do not sufficiently capture
the distance property for the coordinates. Intuitively, the
embedding distance between two nearby coordinates should
be smaller than that between distant coordinates. For exam-
ple, coordinate token “10” is supposed to be closer to “9” or
“11” compared with “100” in the embedding space. How-
ever, such relationships are not explicitly modeled in many
LLM pre-training or post-training. This poses a challenge
for accurate coordinate prediction or results in less model
robustness, as the model fails to provide strong continuity
in coordinate embedding space. To address this limitation,
we introduce specialized training innovations that enable a
distance-aware token space for more accurate and robust
generation.



Table 1. Comparison results against SOTA on four public datasets. We highlight the best and the second best methods.

Dataset Model IoUT ¢IoUT Nyguio=1 MTA] PoLiS| IoU™° 1 FP°4+ PAYP° ¢

FFL [11] 68.30 49.80 2.29 35.62 2.865 43.38 58.78 89.67

INRIA HiSup [33] 74.90 66.10 1.13 43.86 2.438 53.51 67.94 93.20

val Pix2Poly [2] 79.46 71.73 1.08 34.31 1.914 61.08 74.29 94.37
SAM2-UNet [32] | 80.07 ; ; ; - ; ; -

Ours 80.16 71.79 1.01 33.28 0.749 61.20 74.75 94.39

FFL 76.00 57.60 1.97 36.29 2.398 49.46 65.00 91.1

SpaceNet2 HiSup 82.10 75.20 1.10 33.89 1.722 59.56 73.43 93.8

Vegas Pix2Poly 81.81 75.05 1.04 33.40 1.717 60.31 74.20 93.8
SAM2-UNet 71.20 - - - - - - -

Ours 83.80 78.15 0.99 3142 1.255 60.43 74.59 93.5

FFL 84.10 73.70 - 33.5 3.454 - -

CrowdAI HiSup 94.27 89.67 1.02 31.9 0.726 84.08 91.14 98.05

e Pix2Poly 95.03  89.85 111 23.1 0479 89.05 9375  98.62
SAM2-UNet 94.99 - - - - - - -

Ours 95.11 93.15 0.99 18.3 0.328 89.07 93.88 98.52

FFL 77.61 32.19 5.09 35.27 1.783 56.59 70.02 94.01

HiSup 87.12 79.62 1.15 34.75 1.158 72.11 82.47 96.80

WHU Pix2Poly* 87.60 81.38 1.10 32.34 0.935 75.50 86.20 96.91
test SAM2-UNet 85.63 - - - - - - -

Ours 88.69 83.01 0.98 33.83 0.648 77.24 86.52 96.81

Notes: 17/ indicate higher/lower is better. Ny.4¢i0 closer to 1.0 indicates optimal vertex efficiency. SAM2-UNet only reports IoU as
other metrics require vertex extraction steps. *Results are obtained by ourselves using authors’ code and the same data split to ours.

Triplet Loss Regularization:

We propose coordinate-

where NNV is the sequence length, V' is the vocabulary size,

aware embedding regularization that fundamentally trans-
forms how LLMs understand spatial relationships. Our
triplet loss creates geometrically meaningful coordinate em-
beddings by enforcing that spatially closer coordinates have
higher embedding similarity. For coordinate tokens ¢, p, and
q, where |i — p| > |i — ¢| (p is farther from ¢ than ¢):

Liiplet = max (0, cos(E;, Ey) — cos(Ej, Ep)), (1)

where E;, E,, and E, are the embedding vectors for coor-
dinate tokens <INDEX=i>, <INDEX=p>, and <INDEX=¢>
respectively. This encourages the anchor coordinate 7 to be
more similar to the closer coordinate ¢ than the farther coor-
dinate p. Figure 3 shows that our triplet loss creates smooth,
spatially reasonable embeddings, contrasting with standard
GPT-2 token embeddings which exhibit fluctuations due to
natural language pretraining.
Gaussian Smoothing: Ground-truth vertex locations ex-
tracted from raster masks often contain inevitable local-
ization noise (e.g., imaging angles, vegetation occlusions),
making hard target training suboptimal for coordinate pre-
diction. We apply Gaussian smoothing to create soft tar-
get distributions that accommodate spatial uncertainty, en-
abling more robust coordinate learning. Note that the Gaus-
sian smoothing is applied only to coordinate while keep-
ing special tokens (<SOS>, <SEP>, <EOS>) in stan-
dard next token prediction. The smoothed cross-entropy
loss becomes:

N V-1

Esmoolh = - Z Z Dij log(SOftmaX(Zij))a )

i=1 j=0

z;; are the model logits, and p;; follows a Gaussian distri-
bution centered at the ground truth coordinate. This prob-
abilistic approach improves training stability by accommo-
dating annotation uncertainty. Consequently, our final loss
function becomes:

Lﬁnal = £sm00th + )\tﬁtriplet- (3)

where \; controls the triplet regularization strength. We em-
ploy Eq. (3) as the default loss to train our language model
under the next token prediction formulation.
Two-Phase Training Strategy: We employ a two-phase
training strategy with pretrained SAM?2 and DistilledGPT2
models. In phase 1, we only train the multi-scale fusion
component by freezing the SAM2 vision encoder and the
DistilledGPT2 decoder, for 10 epochs with a base learn-
ing rate 2¢73. This allows the fusion component to bridge
visual and language modalities, resulting in a better initial-
ization for phase 2. In phase 2, we use a base learning rate
for 1e3 to train the entire model end-to-end for 240 or 90
epochs, depending on the size of datasets.

3.3.3. Inference

The model passes an image into the vision encoder to obtain
<VISUAL>. Then, with a <SOS> token, it starts to gen-
erate the output sequence token-by-token until an <EOS>
token is generated or the maximum length is reached. Af-
ter that, we partition the generated sequence, at the separa-
tor token <SEP>, into a list of sub-sequences, where each
sub-sequence represents the key points of a building outline
in the clockwise order of consecutive (z,y) pairs. In de-



Table 2. Comparison against Pix2Poly [2] under cross-domain scenarios. We test the models trained with larger datasets on smaller ones.

We highlight the best and the second best methods.

Train Test | Model |IoU? c¢IoUT Neaio=1 MTA| PoLiS| LU’ 1 F;7°1 PA™P ¢
WHU Pix2Poly | 80.90  74.23 0.973 35.69 1.379 66.42 78.49 94.84
INRIA LPM (Ours) | 8185  74.61 0.930 35.55 0.957 64.42 77.54 94.26
SpaceNet2 Pix2Poly | 74.34  67.17 1.070 31.42 2.693 47.40 62.94 90.85
LPM (Ours) | 72.09  64.42 1.006 42.16 1.871 40.83 56.81 88.31
WHU Pix2Poly | 32.89  26.78 1.213 - 2.633 24.90 35.26 90.39
CrowdAl LPM (Ours) | 70.51 6334 0.924 33.01 1.676 52.85 65.54 93.31
SpaceNet2 Pix2Poly | 7590  65.62 1.316 32.11 1.736 55.48 68.90 93.66
LPM (Ours) | 83.62  75.71 1.174 29.39 1.655 61.54 74.91 94.97

Notes: 1/ indicate higher/lower is better. N,.q+;0 closer to 1.0 indicates optimal vertex efficiency.

Table 3. Ablation study on polygon vertex and building serialization strategies. We serialize building outlines or vertices, starting from a
random one or using the proposed method to start from the top-left (TL).

First Building SpaceNet2 WHU INRIA (20%)
Vertex Order | IoUT PoLiS| F:*°1 | IoUT PoLiS| Fi*°1 | IoUt PoLiS| F.7°+
Random Random | 42.19 2.241 44.62 46.71 0.780 51.09 70.72 2.027 66.46
Random TL 47.10 4422 46.06 45.59 1.576 84.70 74.62 2.075 68.84
TL Random | 83.64 1.367 74.34 88.10 0.791 86.05 72.86 2.078 67.30
TL TL 83.80 1.255 74.56 88.69 0.648 86.52 75.33 2.096 69.30
Table 4. Ablation study on coordinate label smoothing regularizations.
Smoothing Type SpaceNet2 WHU INRIA (20%)
gyp IoUT PoLiS| F”°1 | IoUT PoLiS| Fi°”4 | IoUt PoLiS| Fi?°1
None (Baseline) 83.77 1.403 74.59 | 88.26 0.697 86.07 74.98 2.056 69.19
Gaussian (o = 0.5) | 83.67 0.955 74.46 88.71 0.902 86.45 | 75.05 2.059 69.11
Gaussian (o = 1.0) | 83.74 1.303 74.57 88.40 0.779 86.23 75.44 2.078 69.50
Gaussian (o = 2.0) | 83.64 1.418 74.45 88.25 0.978 86.04 75.29 2.073 69.12

tail, we use nucleus sampling [13] with top, = 0.99 and
a temperature 7' = 0.01. We set the repetition penalty to
1.0 (no penalty) to allow repetition, since same coordinate
value may appear multiple times (i.e., vertical or horizontal
buildings).

3.4. Implementation

We use the AdamW optimizer [21] with weight decay of
0.01. The model is trained on 8 V100 GPUs using dis-
tributed data parallel with batch size of 6 per GPU and
gradient accumulation steps of 8. We apply gradient clip-
ping with maximum norm of 1.0 and use cosine learning
rate scheduling with 8% warmup startup. Loss component
weights are set to A\ = 5.0 for triplet regularization. Gaus-
sian smoothing employs o = 0.5 — 2.0 in our test.

4. Experiments
4.1. Dataset

We conduct comparison experiments on four public datasets
for building polygon extraction: (1) the INRIA Aerial
Image Labeling dataset [22], which contains 360 high-
resolution tiles (0.3 m spatial resolution), using the official

train/validation split; (2) the SpaceNet2 dataset [30] (Las
Vegas subset), following [2], with 52,374 images for train-
ing and 9,242 for testing; (3) the CrowdAl dataset [23],
comprising 280,741 training images and 60,317 test-
ing images; and (4) the WHU Building dataset [16],
which includes aerial imagery from New Zealand with
4,736/1,036/2,416 images (of size 512 x 512) for training,
validation, and testing, respectively. For all datasets, we
crop the raw images into 224 x 224 patches for both train-
ing and evaluation, following the protocol of prior work [2].
Due to the substantially larger scale of the INRIA and
CrowdAl datasets compared to SpaceNet2 and WHU, we
train for 90 epochs on INRIA and CrowdAl, and for 240
epochs on SpaceNet2 and WHU.

4.2. Evaluation Metrics

For pixel-wise accuracy, we use intersection over union
(IoU) and complexity-aware IoU (c — IoU) [41] to mea-
sure overlap between predicted and ground truth building
outlines. For geometric quality, we use polygons and line
segments (PoL:S) [3] to measure average error between
predicted vertices and ground truth, Max Tangent Angle Er-
ror (MT A) [11] to cover polygon corner regularity, Nyqti0



Table 5. Ablation study on individual and combined loss function components in LPM training.

IoU1 PoLiS |

WHU INRIA (20%)
Fi*°1 | ToU+ PoLiS| F%° ¢

Label Triplet SpaceNet2
Smoothing IoUT PoLiS| Fi°1
83.77 1.403 74.59
v 83.67 0.955 74.46
v 83.65 1.381 74.52
v v 83.80 1.255 74.56

88.26 0.697 86.07 74.81 2.079 69.10
88.71 0.902 86.45 75.00 2.098 68.98
88.69 0.648 86.52 | 74.46 2.078 68.70
88.38 0.691 86.18 75.28 2.112 69.44

to compare predicted and ground truth vertex counts, and
topological metrics (LoUsopo, F'liopo, PAiopo) based on
buffers that penalize incorrect topologies [34].

4.3. Comparison with SOTA

Table 1 shows that LPM achieves SOTA performance,
compared with popular methods. On INRIA, we reach
80.16% IoU compared with the previous best from SAM2-
UNet. On SpaceNet2, we reach 83.80% IoU versus
HiSup’s previous best. On CrowdAl, we reach 95.11%
IoU with 93.15% complexity-aware IoU. On WHU, we ob-
tain 88.69% loU, competitive with the 89.15% achieved by
Pix2Poly, while significantly outperforming our reproduced
baseline of 87.60%. Beyond IoU, LPM also improves ge-
ometric quality. Most notably, our INRIA PoLiS score
of 0.749 represents a 61% improvement over Pix2Poly’s
1.914, indicating significantly improved polygon outline ac-
curacy. Across all datasets, LPM maintains near-optimal
vertex counts (N,.q¢;, ~ 1.0) and achieves superior topolog-
ical correctness, with strong results on WHU and CrowdAl
for topological metrics.

Direct generation advantage. Unlike segmentation meth-
ods requiring complex post-processing [8, 31] or keypoint
methods needing multi-stage vertex detection and assem-
bly [41], LPM generates complete ordered polygon se-
quences directly. This architectural advantage eliminates
error accumulation from multi-stage pipelines and produces
geometrically consistent outputs with appropriate vertex
counts (N0 = 1.0 across all datasets), reducing storage
requirements and enabling efficient geometric operations.
Inference efficiency. LPM achieves 2.09 fps per V100
GPU, scaling linearly to 16.70 fps across 8 GPUs. INRIA
validation dataset inference requires only 20 minutes on 8
V100-16GB GPUs, compared to 1.5 hours for keypoint-
based approaches [2] from our test. This efficiency stems
from direct vertex prediction rather than keypoint detection
and assembly, eliminating bottlenecks.

4.4. Ablation Studies

Robustness in cross-dataset evaluation. In practice, do-
main shift from training to testing data commonly exists. To
understand the model robustness, we compare the proposed
LPM with the previous best building extraction model (i.e.,
Pix2Poly [2]) in the cross-domain scenario, that evaluates
the performance of WHU and SpaceNet2 using the mod-

els trained on INRIA and CrowdAl, as listed in Table 2.
From this table, we can see that our model is affected less
by the domain shift, compared with Pix2Poly. Even though
Pix2Poly is slightly better than LPM in some metrics, in
particular for the setting “INRIA—SpaceNet2”, our method
works more stably across all the settings. For example, the
model trained on CrowdAl performs still well in WHU and
SpaceNet2, but Pix2Poly degenerates tremendously (e.g.,
the ToU score is reduced to 32.89 on WHU). We believe
that our LLM encodes the dependency between different
vertices and captures the nature of a building outline, where
our model tries to produce a closed region with vertices in
the clockwise manner. The acquisition of building outline
knowledge helps us achieve more robust results across dif-
ferent datasets.

Importance of serialization. Table 3 compares different
orderings for both starting vertex and buildings, using ran-
dom or our proposed order described in Sec. 3.1.1. Ran-
dom order yields poorest performance across all datasets,
indicating that serialization is essential. In contrast, start-
ing from Top-Left (TL) performs significantly better, that
TL&TL proves most effective in general on the detection
accuracy (i.e., IoU) and outline quality (i.e., PoLiS and
F!°P%)  achieving the best performance on all the datasets.
Besides, vertex ordering exhibits stronger influence than
building ordering, that TL&Random only drops a little
on SpaceNet2/WHU but Random&TL degenerates signif-
icantly. Consequently, this experiment clearly demonstrates
the effectiveness of our approach and provides evidence
supporting our contribution.

Effect of coordinate label smoothing. Table 4 re-
veals dataset-dependent optimal smoothing configurations.
WHU benefits from modest smoothing (o = 0.5) achieving
best IoU performance, while SpaceNet2 shows substantial
boundary quality improvement with ¢ = 0.5 as PoLiS im-
proves from 1.403 to 0.955 despite slightly lower IoU. IN-
RIA with more annotation misalignment requires stronger
smoothing (¢ = 1.0) for optimal performance. The smooth-
ing strategy demonstrates the correlation to annotation qual-
ity, critical for training on real-world data. Generally speak-
ing, we recommend increasing the Gaussian variance value
if the key points or building outline edges do not align with
training images very well. Otherwise, a smaller variance
should be adopted.
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Figure 4. Qualitative comparison across three popular datasets. Cyan outlines are predictions, orange outlines are ground truth. LPM
produces cleaner polygons with fewer vertices while maintaining accurate building coverage.

Loss function components. Table 5 reveals the contribu-
tion of each component. Label smoothing provides bound-
ary quality improvements on SpaceNet2 where PoLiS im-
proves dramatically from 1.403 to 0.955. Triplet loss con-
sistently delivers better geometric quality, achieving the
best PoLiS score of 0.648 on WHU, which demonstrates our
motivation to learn a distance-aware coordinate space. The
combined approach achieves improved IoU performance of
83.80% on SpaceNet2 and 75.28% on INRIA while main-
taining competitive geometric quality across all datasets.

4.5. Qualitative Analysis

Figure 4 presents qualitative results from our LPM model.
The examples demonstrate that LPM successfully gener-
ates high-quality building polygons that closely match the
ground truth, achieving high IoU scores. Our method is ca-
pable of handling a variety of building shapes, from simple
rectangles to more complex L-shaped and multi-part struc-
tures. The generated polygons exhibit sharp, well-defined
corners and straight edges, confirming the effectiveness of
our approach in learning the geometric regularities of man-
made structures. While the model performs robustly across

diverse scenes, some limitations are observed in dense ur-
ban areas with overlapping buildings or heavy occlusion
from vegetation, hinting valuable future work directions.

5. Conclusion

In this paper, we introduce LPM, a decoder-only large lan-
guage model that fundamentally reimagines building out-
line extraction from remote sensing imagery as direct au-
toregressive sequence generation. Through specialized co-
ordinate tokenization, triplet loss regularization, and tai-
lored training strategies, LPM directly generates build-
ing polygons from images, eliminating widely used post-
processing steps. Our method achieves state-of-the-art per-
formance across four benchmark datasets, with notable im-
provements in geometric quality. Through extensive abla-
tion studies, we demonstrate the effectiveness of our overall
architecture and the contributions of individual design com-
ponents in LLM training. We believe that our work opens
new directions for applying LLMs to structured geometric
generation and reasoning tasks, with potential applications
in object detection, segmentation, and geospatial analysis.
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