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Abstract

This report synthesises �ndings from 10 peer-reviewed papers ad-
dressing the following research question: Does applying brute-force
text augmentation during pre-training improve the code generation
pass@1 scores of LLMs on the HumanEval dataset. Remote sens-
ing vision tasks require extensive labeled data across multiple, inter-
connected domains. However, current generative data augmentation
frameworks are task-isolated, i.e., each vision task requires training an
independent generative model, and ignores the modeling of. 13 claims
were extracted from source literature; 2 were independently veri�ed
against retrieved documents. An automated multi-reviewer quality
assessment produced a score of 5.3/10. This report is a machine-
generated literature synthesis and does not constitute original research.

1 Introduction

This paper examines: TerraGen: A Uni�ed Multi-Task Layout Generation
Framework for Remote Sensing Data Augmentation. Research question:
Does applying brute-force text augmentation during pre-training improve
the code generation pass@1 scores of LLMs on the HumanEval dataset?.

2 Methodology

Systematic literature search across multiple databases yielded 10 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 5.3/10.

3 Results

10 papers retrieved. 13 claims extracted; 2 independently veri�ed. Quality
review score: 5.3/10.
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4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.
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5 Extracted Claims

Claim Veri�ed Con�dence

The benchmark dataset consists of 1k carefully
selected high-quality images representing the full
spectrum of challenges

× 0.10

The benchmark images are associated with mul-
tiple evaluation scenarios, including generation
quality assessment across d

× 0.06

Specialized metrics for spatial accuracy and se-
mantic consistency are introduced, encompass-
ing both pixel-level �delity

× 0.02

RS Image Quality (RS-IQ) is calculated using an
InceptionV3 network �ne-tuned on remote sens-
ing datasets.

× 0.07

Content Fidelity is measured using CLIP-T for
semantic consistency and DINO-I for visual fea-
ture alignment.

× 0.02

Layout Consistency is evaluated using YOLOv8-
based models, reporting mAP and AP50 for ob-
ject detection tasks, and Acc an

× 0.07

The model training adopts a two-stage con�gu-
ration with a learning rate of 1e-4 using AdamW
optimizer for 100k steps wi

× 0.02

The second stage introduces an adaptive mask-
weighted loss function to enhance layout consis-
tency and spatial accuracy.

× 0.10

TerraGen is compared against remote sensing-
speci�c conditional generation methods and
state-of-the-art natural image g

× 0.10

TerraGen achieves an RS-IQ score of 34.6, Con-
tent Fidelity scores of 29.6, and Layout Consis-
tency scores of 64.7 for seg

× 0.05

TerraGen serves as a universal data-
augmentation engine, boosting downstream-task
accuracy and exhibiting strong general

✓ 0.16

The �rst large-scale multi-task remote sensing
layout generation dataset is constructed, estab-
lishing standardized eval

✓ 0.25

TerraGen integrates spatial layout information
with semantic textual information through geo-
graphic spatial-aware condit

× 0.09
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