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1. Background and Motivation

Large-scale pre-trained visual foundation models, such as CLIP [13], Stable Diffusion [15], and DINO [2], have demonstrated
remarkable capabilities in natural image domains. They achieve impressive performance in downstream tasks including
object classification, detection, and semantic segmentation [27]. Their success stems from learning robust and generalizable
representation spaces from billions of web images [16]. However, in data-scarce domains such as remote sensing (RS),
training such foundation models from scratch remains impractical for three reasons. First, RS data exhibits high spectral
diversity. Specifically, different spectral bands from optical remote sensing (ORS, 400-700nm) to synthetic aperture radar
(SAR, 1mm-1m) capture fundamentally different physical properties of Earth’s surface [4, 17]. Second, collecting and
annotating RS images is difficult due to military restrictions, sensor availability, and high acquisition costs [5, 30]. Third,
even existing attempts to train RS foundation models [3, 5] are constrained to small- or medium-scale models (e.g., ViT-L
with 300M parameters) and require prohibitive computational resources (e.g., 80 x A100 GPUs with 80GB VRAM each).

Given these constraints, adapting pre-trained models from natural image domains to RS domains has emerged as a more
practical approach. Parameter-Efficient Fine-Tuning (PEFT), particularly Low-Rank Adaptation (LoRA) [7], has become
the de-facto standard for such adaptation. LoRA introduces a low-rank factorization of parameter changes (i.e., A8 :=
B - A where B € R?*" and A € R™** with r < min(d, k)). This formulation enables efficient adaptation with minimal
trainable parameters, zero inference latency overhead, and modular deployment. PEFT is particularly appealing for RS
domains because 1) it reduces computational and data requirements, 2) it preserves general knowledge learned from natural
images [24], and 3) it mitigates overfitting in data-limited scenarios [18, 21]. Nevertheless, RS domains present unique
challenges that standard PEFT methods fail to address. RS datasets inherently suffer from severe data imbalance. For
example, the imbalance ratios of DOTA and ShipRSImageNet reach 86 and 112 respectively, significantly higher than natural
image benchmarks such as CIFAR100-LT with a ratio of 50 [, 23, 29]. Beyond single-task adaptation, real-world RS
applications often require handling multiple tasks (e.g., multi-spectral adaptation, multi-class recognition) simultaneously.
This multi-task requirement introduces additional complexity because different tasks may conflict in their parameter updates.

Our research addresses these fundamental challenges of applying PEFT to data-scarce and imbalanced domains, with RS
as a representative case study. We identify three levels of challenges when directly applying LoRA-based adaptation. 1) At
the representation level, the learned feature space exhibits strong bias towards head (majority) classes while neglecting tail
(minority) classes [25]. Additionally, large domain gaps (e.g., between natural images and SAR) cannot be bridged by simple
low-rank updates. 2) At the optimization level, PEFT methods prove highly sensitive to hyperparameters. Specifically,
performance can vary by up to 86% across different configurations of scaling factors, layer positions, and insertion depths.
Manual tuning is intractable because hyperparameter interactions exhibit non-monotonic effects. 3) At the scalability level,
extending multi-task LoRA to a large number of tasks (15-50+) induces catastrophic performance degradation. This failure
occurs because of parameter and representation misalignment across tasks.

In the following sections, we present our recent works in addressing these challenges, progressively: 1) representation
calibration and cross-modal data synthesis (Section 2.1), 2) automated hyperparameter optimization via meta-learning (Sec-
tion 2.2), and 3) scalable multi-task adaptation (Section 2.3).



2. Key Observations and Methods

We organize our contributions by the three challenge levels (identified in Sec 1). At the representation level (Section 2.1),
we solve two key problems: 1) feature bias in long-tailed adaptation, and 2) data scarcity in non-visible modalities. We
solve the first through debLoRA [21] and the second through 2LoRA/pLoRA [20]. Both methods leverage unsupervised
clustering to discover shared visual attributes; this common insight enables calibration without additional labels. At the
optimization level (Section 2.2), we address PEFT methods’ hyperparameter sensitivity issue through MetaPEFT [22], a
meta-learning framework that automatically discovers optimal PEFT configurations. At the scalability level (Section 2.3),
we address catastrophic failure in large-scale multi-task adaptation through mt LoRA.

2.1. Representation Calibration and Synthesis

LoRA adaptation on imbalanced or cross-domain data produces biased or inadequate features. Specifically, fine-tuning on
imbalanced datasets causes LoRA features bias towards head classes. Besides, LoRA fails to capture necessary feature
transformations between large domain gaps (e.g., from natural images to SAR). We address these two problems through two
complementary approaches: debLoRA [21] calibrates biased features, and 2LoRA/pLoRA [20] synthesizes cross-modal
data when training data is scarce, particularly for minority classes.

Learning De-Biased Representations for Remote-Sensing Imagery (debLoRA) [21]. We observe that LoRA features
exhibit strong bias towards head classes in long-tailed RS datasets. Specifically, when adapting pre-trained models using
LoRA, the learned feature space is dominated by discriminative features of head classes while tail class features are under-
represented. We observe two manifestations of this bias: 1) head class representations over-expand their territory into the
tail class space, i.e., tail class validation samples are wrongly distributed in the head class’s feature region, and 2) the center
of the entire feature space shifts towards head classes due to the overwhelming number of head class training samples. This
bias is particularly severe for PEFT methods because using fewer parameters restricts model capacity and forces the model
to prioritize features from classes with more samples.

To address this without requiring additional data or labels, we propose debLoRA, an unsupervised learning approach that

de-biases LoRA features through three steps: clustering, calibration, and training. First, we apply K -means clustering on all
LoRA features regardless of class labels. Each obtained cluster center represents a visual attribute (e.g., “streamlined tail”
or “with wooden deck”) shared by both head and tail classes. These cluster centers are more robust than original tail class
representations because they leverage the diversity of head class samples while exhibiting reduced class imbalance. Second,
for each tail class, we compute a de-biased center by weighted averaging all cluster centers, where weights are proportional
to the fraction of that tail class in each cluster. This ensures the de-biased center is not dominated by head classes. Third,
we calibrate tail class features by moving them closer to their de-biased centers and train a debLLoRA module to learn
this mapping. Extensive experiments on two RS adaptation scenarios (natural-ORS and ORS—SAR) demonstrate that
debLoRA consistently outperforms prior methods, achieving up to +3.3% and +4.7% gains on tail classes for the respective
scenarios while preserving head class performance.
Non-Visible Light Data Synthesis via Two-Stage Low-Rank Adaptation (2LoRA/pLoRA) [20]. To tackle the data
scarcity issue for RS domain, especially for minor classes, in this work, we were the first to propose synthesizing data for
non-visible light modalities (e.g., SAR). In preliminary study, we observed direct fine-tuning or LoRA on Stable Diffusion
(SD) with SAR images fails. We identify such fail stems from two key differences between regular images and SAR: structure
(regular view vs. aerial view) and modality (RGB vs. radar). For example, when LoRA application strength increases from
0 to 1, the transition from regular-view images to aerial-view SAR images exhibits severe distortions.

To address this, we propose 2LoRA, a two-stage adaptation approach that decomposes the domain gap. In the first stage
(view adaptation), we train an ORS LoRA module on large-scale optical remote sensing datasets to adapt SD from regular
view to aerial view without changing the data modality. In the second stage (modality adaptation), we further train a SAR
LoRA module on top of the ORS-adapted model to handle the RGB-to-SAR modality shift. Moreover, we found that 2LoRA
still struggles with class imbalance in SAR datasets, i.e., classes with more samples achieve higher generation quality. We
hence propose pLoRA (prototype LoRA), which clusters SAR training samples based on visual attributes (e.g., “in the
harbor” or “moving”) regardless of class labels, trains a separate LoORA module for each cluster, and combines them with
weights designed to avoid bias towards major classes. Specifically, when generating images for a target minor class, we assign
higher weights to clusters containing larger fractions of that class. Integrating the synthesized SAR data into downstream
classification and segmentation tasks yields notable improvements, especially for minor classes (+4.0% tail-class accuracy),
demonstrating the effectiveness of addressing data scarcity through cross-modal synthesis.



2.2. Automated Hyperparameter Optimization

During our research, we identifeid another key challenge in PEFT methods: PEFT methods’ performance is highly sensitive
to hyperparameter configurations, and require heavy manual hyperparameter tuning. We tackle this challenge by proposing
an automatic meta-learning framework, Met aPEFT.

Meta-Learning Hyperparameters for Parameter Efficient Fine-Tuning (MetaPEFT) [22]. In our comprehensive pre-
liminary study of PEFT methods, we identified a critical but overlooked challenge: PEFT hyperparameters exhibit complex,
non-monotonic interactions that severely impact performance. Specifically, we study three key hyperparameters for additive
PEFT methods: 1) intra-block position (i.e., Q/K/V projection layers, attention output, or FFN), 2) block depth (i.e., which
transformer blocks to adapt), and 3) scaling factor (i.e., the magnitude of PEFT updates). Our experiments reveal that accu-
racy varies by up to 86% across scaling factors (from 8.1% to 91.1%), 4.0% across block depths, and 2.4% across intra-block
positions. More critically, combining individually optimal hyperparameters often leads to unexpected performance degrada-
tion, e.g., using the optimal intra-block position (FFN) with the optimal block depth (depth 11) results in a 0.6% accuracy
drop. This poses a Mixed Integer Non-Linear Programming (MINLP) problem with complexity O(L|S|N,,), where L is the
number of layers, |S| is the number of insertion positions, and NN, is the number of scaling factor candidates, which makes
exhaustive search computationally infeasible.

To address this, we propose Met aPEF T with two key designs. First, we introduce a unified modulator  that combines the
discrete positional indicator and continuous scaling factor into a single differentiable scalar applied to each PEFT position:
when v =~ 0, the PEFT module is effectively deactivated; when ~ > 0, it controls both activation and update magnitude.
This transforms the MINLP problem into continuous optimization amenable to gradient descent. Second, we optimize this
modulator through a bi-level optimization framework: the inner loop trains PEFT parameters with the modulator fixed, while
the outer loop updates the modulator on a dynamically sampled subset of training data. This dynamic sampling serves as
implicit regularization, exposing optimization to diverse data subsets and particularly benefiting tail classes where overfitting
is severe. Experiments across three transfer-learning scenarios and five datasets demonstrate that Met aPEF T achieves state-
of-the-art performance, with up to 3.5 higher accuracy improvement for tail classes compared to head classes, all without
manual hyperparameter tuning.

2.3. Scalable Multi-Task Adaptation

The methods above handle single-task or few-task scenarios. However, real-world deployments, especially for RS domain,
usually require adapting to 15-50+ tasks simultaneously. At this scale, existing multi-task LoRA methods fail catastrophically.
In this section, we presents mt LoRA, a principled solution for large-scale multi-task low-rank adaptation.

Scalable Multi-Task Low-Rank Adaptation (mt LoRA). Scaling multi-task LoRA to large numbers of tasks induces catas-
trophic failure, e.g., accuracy drops from 88.2% to 2.0% on DOTA when scaling from 5 to 15 tasks. The core challenges are
two kinds of misalignment: parameter misalignment (conflicting weight updates across LoRA modules) and representation
misalignment (divergent output features). Existing solutions use orthogonal regularization to address parameter conflicts and
dynamic routing to handle representation divergence, but we find they face a fundamental trade-off: strengthening regulariza-
tion to reduce inter-task conflict inadvertently suppresses the essential feature discrimination required for effective routing.
Specifically, when increasing regularization strength A on a multi-task NLP scenario, accuracy initially improves (+1.7% at
A = 0.25) but then drops by 1.8% as routing uncertainty increases. We identify two root causes for this trade-off. First,
uniform regularization disrupts knowledge sharing across tasks. We discover that shared underlying knowledge con-
centrates in high singular-value (SV) components: the top-20% SV components contain 89% of inter-task alignment while
encoding 54% of total singular values. Uniform regularization treats all spectral components equally, forcing orthogonality
on high-SV components and thereby disrupting essential knowledge sharing. Second, applying LoRA at the component-
level amplifies gradient conflicts. When multiple LoRA modules adapt individual weight matrices (e.g., W,, W), their
gradients exhibit stronger misalignment (average cosine similarity of —0.054); block-level adaptation reduces this conflict
by 76%.

Based on these insights, we propose mt LoRA with three key innovative designs: 1) spectral-aware regularization that
selectively orthogonalizes low-SV noise components while preserving high-SV shared knowledge, using a weighting function
w(o) = exp(—0c/d); 2) fine-grained routing that assigns dimension-specific weights (a vector IT; € R9 per LoRA) instead of
scalar weights, allowing different feature subspaces to use different expert combinations; and 3) block-level adaptation that
applies LoRA as a parallel path to entire attention/FFN blocks rather than individual matrices, mitigating gradient conflict
amplification. On four large-scale benchmarks (DOTA, iNat2018, Dolly-15k, BBH with 15-27 tasks), mt LoRA achieves
state-of-the-art performance (+2.8% average accuracy over prior methods) while using 47% fewer parameters and 24% less
training time, demonstrating that scalable multi-task LoRA is practical for real-world deployments.



3. Future Research Directions

Our four works establish a systematic framework for adapting foundation models to data-scarce RS domains, addressing chal-
lenges at the representation, optimization, and scalability levels. Building on these foundations, we identify two promising
directions for future investigation: 1) developing a unified RS agent system that integrates our PEFT methods with interac-
tive reasoning capabilities, and 2) extending our techniques to spectrum-specific foundation models that capture the unique
physical properties of different RS modalities.

3.1. Towards Unified RS Agent System

Our current research has addressed representation bias (debLoRA), cross-modal synthesis (pLLoRA), hyperparameter op-
timization (MetaPEFT), and multi-task scaling (mtLoRA) as separate methods. However, in real-world use cases, RS
researchers need to manually select and chain these methods for complex RS analysis tasks. A unified agent system would
automate this orchestration and enable interactive, multi-step reasoning.

We envision a Mixture-of-RS-Experts (MoRE) architecture where our PEFT methods serve as specialized experts with
dynamic routing. Each expert would specialize in distinct adaptation challenges: debLoRA for imbalanced scenarios,
pLoRA for data-scarce modalities, and mt LORA for multi-task coordination. A lightweight gating network would route
inputs to relevant experts based on task requirements. This architecture enables efficient processing through sparse activation
while maintaining task-specific specialization.

Beyond expert organization, we aim to develop an interactive RS agent that interprets high-level user queries and or-
chestrates multi-step analysis workflows. Drawing from recent advances in Vision-Language Models [1 1], the agent would
adopt a Reason-Act (ReAct) framework [26] for dynamic, iterative reasoning. For example, given the query “identify new
ships in this port since last week,” the agent would decompose this into sub-tasks: first invoke change detection experts, then
route ship detection to relevant regions, and finally aggregate results. The agent would also incorporate self-reflection mech-
anisms to evaluate its findings and quantify prediction confidence, addressing the trustworthiness concerns in high-stakes RS
applications. Direct Preference Optimization (DPO) [14] could align the agent’s behavior with human expert preferences.

3.2. Spectrum-Specific Foundation Models

Our current PEFT methods adapt general-purpose foundation models (e.g., CLIP, Stable Diffusion) pre-trained on natural
RGB images. However, RS data spans diverse electromagnetic spectrums with fundamentally different physical properties:
optical (400-700nm), near-infrared (700—-1400nm), thermal infrared (8—14xm), and microwave/SAR (Imm-1m) [12, 17].
Each spectrum captures distinct surface properties. Optical bands measure reflected solar radiation; thermal bands detect
emitted heat; SAR measures backscattered radar signals sensitive to surface roughness, dielectric properties, and geometric
structure. General-purpose foundation models trained on RGB images cannot capture these spectrum-specific characteristics.

Existing geospatial foundation models [6, 8, 9, 19] have begun addressing this gap. However, they primarily process
multi-spectral optical data or amplitude-only SAR data. For SAR, this means discarding phase information from Single Look
Complex (SLC) raw data and retaining only Ground Range Detected (GRD) amplitude. This limitation prevents models from
learning physical scattering mechanisms essential for interferometric applications (e.g., surface deformation monitoring) and
polarimetric analysis (e.g., land cover classification based on scattering decomposition).

A promising direction is to develop spectrum-aware foundation models tailored to specific RS modalities. For SAR,
this means training on complex-valued SLC data that preserves both amplitude and phase. The model architecture would
process real and imaginary components jointly, learning representations invariant to SAR-specific noise (e.g., speckle) while
capturing phase coherence patterns. For hyperspectral data, models would learn spectral signatures across hundreds of
contiguous bands, capturing diagnostic absorption features for material identification. Self-supervised objectives could be
adapted to each spectrum: masked autoencoding for spatial-spectral reconstruction, contrastive learning across temporal
acquisitions, or physics-informed losses encoding known scattering models.

Our PEFT techniques would then serve as the adaptation layer between these spectrum-specific foundation models
and downstream tasks. The spectral-aware regularization in mt LoRA is particularly relevant: it could preserve physics-
informed representations in high singular-value components while allowing task-specific adaptation in lower components.
The clustering-based attribute discovery in debLoRA could identify shared physical scattering properties across different
SAR applications. This direction extends beyond RS to other specialized domains with spectrum-specific data: medical
imaging [10, 28] (CT, MRI, ultrasound with distinct imaging physics), industrial inspection (X-ray, thermal imaging), and
scientific sensing (radio astronomy, seismic data).
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