A. Limitations and Scope

Dependence on a Source-Task Model Library. BOLT
assumes access to a collection of fine-tuned source-task
models from which the shared spectral bases are con-
structed. In scenarios where such a model library is unavail-
able, the proposed approach may not be directly applica-
ble. Moreover, constructing the library itself—i.e., training
multiple source-task models—can incur non-trivial compu-
tational cost.

However, we emphasize that BOLT does not require ac-
cess to source-task data, but only to the resulting task vec-
tors. In many modern model-development workflows, fine-
tuned checkpoints naturally accumulate over time (e.g., in
large-scale model repositories or continual deployment set-
tings). In such cases, BOLT leverages existing artifacts
rather than requiring additional meta-training or joint op-
timization across tasks.

Importantly, the spectral basis construction (layer-wise
SVD and orthogonalization) is performed once offline and
reused across all downstream tasks. This cost is amor-
tized and independent of target-task training iterations. Our
contribution is therefore not to reduce the cost of build-
ing the source library, but to demonstrate a principled and
parameter-efficient way to reuse it for new-task adaptation.

Expressiveness of Diagonal Spectral Updates. By re-
stricting adaptation to diagonal coefficients in the shared
orthogonal basis, BOLT limits updates to a task-informed
low-dimensional subspace. While this constraint improves
stability and parameter efficiency, it may reduce expressive-
ness for tasks that lie far outside the span of the source-
task manifold. Empirically, we observe strong performance
across diverse few-shot and domain-shift benchmarks, sug-
gesting that the constructed spectral bases capture broadly
transferable directions, but extreme domain gaps may re-
quire expanding the rank or enriching the source library.

B. Implementation Details

This section provides additional information about (i) the
compute environment used in all experiments, and (ii) train-
ing and hyperparameter settings for few-shot, OOD, and
test-time adaptation, (iii) high-level pseudo-code for the
BOLT pipeline.

B.1. Compute Environment

All experiments were conducted on the same compute en-
vironment:

e CPU: INTEL(R) XEON(R) PLATINUM 8570

e GPU: NVIDIA B200

e OS: Ubuntu 22.04.5 LTS

e Python: 3.11.12

* PyTorch: 2.7.0

Few-shot, OOD, and TTA experiments all use this software
stack.

B.2. Backbones and Trainable Parameters

‘We use CLIP vision encoders ViT-B/32, ViT-B/16, and ViT-
L/14 as frozen backbones. The CLIP text encoder is kept
fixed and is only used to construct zero-shot classifiers.
For BOLT, the only trainable parameters are the layer-wise
spectral diagonal coefficients in the shared orthogonal ba-
sis; all CLIP weights and bases remain frozen. For base-
lines (Linear Probe, LoRA, TIP, LP++, aTLAS) we follow
their standard parameterizations while keeping the back-
bone frozen and sharing the same data splits.

B.3. Initialization and Alpha Grid Search

Before any sigma-only adaptation (few-shot, OOD, or
TTA), we perform a common initialization step:

 Basis construction: from a set of fine-tuned models on
source tasks, we derive task vectors and compute SVD-
based orthogonal bases U, Vorn for each weight matrix,
together with an initial diagonal coefficient vector o per
module.

» Sigma parametrization: each matrix update is repre-
sented as A(0) = Uy diag(o) Vorn, and the collection
of all o forms the only trainable parameters.

* Global scaling: we run a short grid search over a global
scale @ € {1,3,5,7,10}, evaluate the merged encoder
O(a) = ©g+ A(a- o) on the train data loader, and select
the best &, which is then fixed for the rest of training.

This procedure is shared across all adaptation scenarios
and provides a strong, data-informed initialization for the
sigma parameters.

B.4. Few-shot Adaptation Settings

In the few-shot setting, each dataset in turn is treated as a
held-out target task, while the remaining datasets are used
to construct the spectral basis. For each target dataset and
k € {1,2,4,8,16}, we sample class-balanced k-shot sup-
port sets from the training split and reuse the same indices
across all methods.

Training on the target dataset uses the backbone’s stan-
dard train-time augmentations (random resized crops and
horizontal flips followed by CLIP-style normalization),
while evaluation uses the standard validation preprocessing
(resize, center crop, normalization).

Unless otherwise stated, sigma-only fine-tuning for
BOLT uses:

* Optimizer: AdamW on all sigma parameters.
e Learning rate: 1 x 1073,

* Weight decay: 0.

* Epochs: 20.

* Batch size: 32.



* Schedule: cosine learning-rate decay with a warmup of 2
epochs.

During few-shot training, all encoder weights remain
frozen and only the sigma coefficients in the spectral basis
are updated using a standard cross-entropy loss on the k-
shot labeled examples. For each target dataset, all remain-
ing datasets from the same domain are used to construct the
spectral basis unless otherwise noted.

B.5. OOD Training Settings

We use the same optimizer, learning rate, weight decay,
epoch count, and batch size as in the few-shot setting. All
methods share the same 16-shot support sets and identical
training schedules.

B.6. Test-Time Adaptation Settings

For test-time adaptation (TTA) we use a fully label-free pro-
tocol on a held-out target dataset. The model receives only
unlabeled images from the target split.

Trusted sample mining. Using the sigma-initialized
model with the chosen &, we run a forward pass over the
entire target split and collect softmax predictions p(y | x)
for each image. Let C be the number of classes and N the
number of target samples. We select a fixed number of high-
confidence “trusted” samples per class: for each class c we
sort examples by p(y = ¢ | ) and keep the top

. (N/C
Krusted = min <1/0, 100)

indices for class c. The union of these indices forms the
trusted set Dyysed, and the complement forms the unlabeled
set Dyniabeled- We also store one-hot targets for all samples
based on the argmax predictions of this initial model; these
targets are used only for trusted indices.

Two-stream batch construction. During TTA training
we use a two-stream batch sampler. Each mini-batch of size
B is constructed by sampling B/2 indices from Dypiapeled
and B/2 indices from Dyyseq, With independent random
permutations for the two streams.

Weak/strong augmentations. We use an asymmetric

transform to generate weak and strong views:

» Weak view z"°*: the standard validation preprocessing
of the encoder (resize, center crop, normalization).

e Strong  view  zS"one: a  composition  of
RandomResizedCrop to size 224 with scale
(0.5,1.0) and bicubic interpolation, followed by
RandomHorizontalFlip with probability 0.5,
and finally the last normalization transforms from the
validation pipeline.

UFM loss with trusted samples. Let /ypy denote the
loss. Given logits from the weak and strong views, {ypm
proceeds as follows:

1. Compute soft predictions from the weak view ¢(x) =
softmax(logits"**) and apply a simple sharpening by
scaling and renormalization: G(x) o< 0.5 - ¢(z).

2. For trusted indices, overwrite ¢(x) with the one-hot tar-
gets obtained from the initial sigma-initialized model
(trusted pseudo-labels).

3. Define a confidence score w(z) = max..(z) and a
binary mask m(x) = 1[w(x) > 7] with a fixed threshold
7 =0.99.

4. Compute the per-sample cross-entropy between the
strong-view logits and the soft pseudo-labels, and weight
it by m(x):

Zm

Thus, TTA optimizes a single UFM-style loss that uses
high-confidence pseudo-labels from the weak view, with
trusted examples anchored to fixed one-hot targets and low-
confidence examples masked out.

B.7. Pseudo-code for BOLT

Below we summarize the BOLT pipeline in two stages: (i)
offline construction of a shared spectral basis and pooled
diagonals, and (ii) online adaptation to a new task in spectral
coordinates. The mathematical details are given in the main
paper; here we focus on implementation flow.

lupm = CE (logits*™"(z), ().

Offline: shared spectral basis and pooled diagonals.

1. For each source task 7, obtain a fine-tuned model ©; and
define the task vector A; = ©; — ©( with respect to the
pre-trained CLIP weights O.

2. For each layer /, extract the layer-wise update M i(z
A; (reshaped as a matrix).

3. For each Mi(é), compute a thin SVD and keep the top
singular directions per task and layer.

4. Stack all singular directions across tasks and apply
whitening-based orthogonalization to obtain a shared
spectral basis U © v for each layer.

orth? ¥ orth

) from

5. Project each task update M, ) into the shared basis and

extract the diagonal coefficients s(é)

6. Average the layer-wise diagonals across tasks to obtain
()

a pooled initializer s pool

for each layer.

Online: new task adaptation in spectral coordinates.
1. On a small held-out subset, perform a short sweep over
a set of scalar scales A and select & that maximizes train

accuracy.

2. Initialize the trainable spectral coefficients as ség) =

O]

& Spoo]

for all layers.



Table 1. General-domain datasets. We report the number of
classes and fully fine-tuned validation accuracy for three CLIP
backbones.

Table 2. Remote-sensing datasets. We report the number of
classes and fully fine-tuned validation accuracy for three CLIP
backbones.

Dataset Classes ViT-B/32 ViT-B/16 ViT-L/14 Dataset Classes VIiT-B/32 ViT-B/16 ViT-L/14
DTD 47 78.55 82.09 85.11 AID 10 98.50 99.00 99.17
GTSRB 43 99.92 99.92 99.96 CLRS 25 89.43 90.60 91.10
MNIST 10 99.56 99.50 99.70 EuroSAT RGB 10 98.19 98.11 99.06
SVHN 10 96.38 96.76 97.24 MLRSNet 30 96.28 96.39 97.12
STL10 10 98.40 99.60 99.40 NWPU-RESISC45 45 93.97 95.44 98.03
Oxford-IIIT Pet 37 92.39 94.84 95.92 Optimal-31 31 95.16 95.94 96.51
Flowers102 102 95.10 97.06 99.02 PatternNet 38 99.72 99.77 99.81
CIFAR100 100 89.52 91.08 93.68 RS C11 11 96.76 97.57 96.82
PCAM ) 97 36 97.86 98.04 RSD46-WHU 46 89.61 90.35 91.82
CIFAR10 10 97.88 98.42 99.06 RSI-CB128 45 99.14 99.17 99.40
Food101 101 84.62 89.56 93.06 RSSCN7 7 95.71 97.68 96.79
Fashion-MNIST 10 95.52 95.28 95.66 SAT-4 4 96.19 99.82 99.67
RenderedSST?2 2 71.39 7731 82.51 fj‘g;{ V;’rfclgl ;? g;g gg'g‘z‘ gg'gg
EMNIST 47 99.82 99.78 99.78 WHU-RS19 19 98.51 99.50 99.58
FGVCAircraft 100 40.65 47.28 68.11

CUB200 200 73.56 77.37 86.35

Country211 211 21.99 27.64 38.06

3. For a new task, define the objective (few-shot cross-
entropy or TTA loss) in terms of the parameters {s(z)}
only.

4. For each training step:

(a) Reconstruct the weight update A(s) from the cur-
rent diagonals {s()} and form O(s) = Oy + A(s).

(b) Run a forward pass on a mini-batch and compute
the loss (few-shot or TTA).

(c) Backpropagate gradients into {s)} and update
them using AdamW.

5. After a fixed number of epochs, evaluate the final model
©(s) on the target test split.

C. Dataset Details

C.1. General-Domain Benchmarks

The general-domain task pool includes the following
17 datasets: DTD, GTSRB, MNIST, SVHN, STLI0,
Oxford-IIIT Pet, Flowers102, CIFAR100, PCAM, CI-
FAR10, Food101, Fashion-MNIST, RenderedSST2, EM-
NIST, FGVCAircraft, CUB200, and Country211. We use
the official train/validation/test splits whenever available, or
widely adopted splits from the CLIP and prompt-tuning lit-
erature. All methods share the same splits and k-shot sup-
port sets. Details for the general-domain datasets are shown
in Table 1.

C.2. Remote-Sensing Benchmarks

The remote-sensing task pool includes the following 15
datasets: AID, CLRS, EuroSAT RGB, MLRSNet, NWPU-
RESISC45, Optimal-31, PatternNet, RS C11, RSD46-
WHU, RSI-CB128, RSSCN7, SAT-4, SIRI-WHU, UC

Merced, and WHU-RS19. All remote-sensing datasets are
partitioned into training, validation, and test sets using an
8:1:1 ratio. Details for the remote-sensing datasets are
shown in Table 2.

C.3. Qualitative Examples

Figure | provides qualitative examples from both domains.
The left column shows a collage of general-domain images
(textures, digits, traffic signs, objects, and animals). The
right column shows satellite and aerial scenes from remote-
sensing datasets (urban, agricultural, coastal, and natural re-
gions).

D. Extended Few-shot Results

D.1. Detailed Few-shot Results on General-Domain
Datasets

Table 5 report per-dataset few-shot accuracy for all 17
general-domain benchmarks across three CLIP backbones
(ViT-B/32, ViT-B/16, and ViT-L/14). Although a few
datasets contain individual settings where certain baselines
(such as TIP or aTLAS) obtain competitive scores, BOLT
achieves the best overall performance in the vast majority
of cases. When averaging across all datasets for each back-
bone, BOLT consistently outperforms all competing meth-
ods at every k € {1,2,4,8,16}, demonstrating strong ro-
bustness across domains, dataset sizes, and visual charac-
teristics.

A notable trend is that the performance gap becomes
larger as k decreases: with extremely small support sets
(1- or 2-shot), BOLT shows substantial gains over prior
parameter-efficient and training-based approaches. This
confirms that constructing a shared spectral basis and learn-
ing only task-specific diagonal coefficients is particularly



Figure 1. Example images from the two domains. General-domain benchmarks (left) and remote-sensing benchmarks (right).

effective in the low-data regime.

D.2. Detailed Few-shot Results on Remote-Sensing
Datasets

Complete few-shot results for all 15 remote-sensing
datasets are shown in Table 6. As in the general-domain set-
ting, BOLT achieves the strongest average accuracy for ev-
ery backbone and every k-shot configuration. While a small
number of datasets may exhibit close competition with al-
ternative methods, BOLT remains the top-performing ap-
proach overall, providing stable improvements across di-
verse Earth-observation tasks.

The advantage of BOLT is again most pronounced in the
smallest k-shot settings. When only one or two labeled sam-
ples per class are available, BOLT achieves clear margins
over all baselines—highlighting that the proposed spectral
subspace parameterization captures transferable task struc-
ture especially well when supervision is extremely limited.

E. Extended OOD and TTA Results

E.1. OOD Results

Table 3 summarizes the additional 16-shot OOD eval-
uation results on ImageNet variants for ViT-B/16 and
ViT-L/14. Across both backbones, BOLT consis-
tently delivers the highest top-1 accuracy on all four
OOD datasets—ImageNet-A, ImageNet-R, ImageNet-S,
and ImageNet-V2.

For ViT-B/16, BOLT achieves the highest accuracy on all
four OOD datasets—ImageNet-A, ImageNet-R, ImageNet-

S, and ImageNet-V2—outperforming the next-best method
(typically aTLAS) by noticeable margins. In particular, the
gains over both linear-probing and adapter-based methods
(LoRA, TIP, LP++) are substantial on the more challenging
benchmarks such as ImageNet-A and ImageNet-S.

For ViT-L/14, the pattern becomes even stronger. While
several baselines achieve competitive second-best numbers
on individual datasets, BOLT consistently ranks first across
all four OOD datasets, delivering the strongest overall ro-
bustness among all evaluated methods. The improvements
are especially pronounced on ImageNet-A and ImageNet-
R, where the larger backbone benefits significantly from
BOLT’s diagonal spectral adaptation.

Overall, these extended results confirm that BOLT’s
OOD generalization improvements are not limited to ViT-
B/32 but generalize robustly across backbones of different
scales. The performance margin tends to enlarge as the
model capacity increases, suggesting that BOLT effectively
leverages the additional representational power of larger
models for robust transfer.

E.2. Per-dataset TTA Results (General-domain)

Table 4 reports the full per-dataset test-time adaptation ac-
curacy on all 17 general-domain datasets for the three CLIP
backbones ViT-B/32, ViT-B/16, and ViT-L/14. Each en-
try corresponds to top-1 accuracy after label-free adapta-
tion with the UFM-style objective and provides a more fine-
grained analysis beyond the backbone-averaged results.
Across ViT-B/32 and ViT-B/16, BOLT achieves the
highest average accuracy and delivers strong improvements



Table 3. Additional OOD results on ImageNet variants (16-shot setting). All entries are top-1 accuracy (%). Best and second-best per
dataset are shown in bold and underlined, respectively.

ViT-B/16 ViT-L/14
Method ImageNet-A  ImageNet-R ImageNet-S ImageNet-V2 ImageNet-A ImageNet-R  ImageNet-S ImageNet-V2
Zero-shot 27.67 57.53 44.22 57.88 46.36 70.30 55.38 66.52
LinearProbe 27.44 58.31 4491 59.83 46.47 70.69 55.78 68.02
LoRA 17.39 44.65 39.61 52.59 40.32 58.39 51.73 62.06
TIP 27.09 56.99 43.79 57.26 45.84 69.63 55.04 66.11
LP++ 22.76 50.31 41.40 50.54 47.43 65.88 50.15 68.97
aTLAS 26.75 59.21 45.62 60.90 47.23 73.02 57.62 69.11
BOLT 28.41 60.91 47.35 61.76 49.63 74.68 58.69 70.12

over Zero-shot CLIP, LayerNorm, and aTLAS baselines.
This trend is most evident on challenging fine-grained
datasets such as FGVCAircraft and CUB200, where the
structured spectral-diagonal updates appear particularly ef-
fective. These results suggest that for smaller CLIP back-
bones, BOLT is able to capture meaningful task-specific
variations even when pseudo-labels are imperfect.

For ViT-L/14, LayerNorm becomes a more competitive
baseline—especially on difficult datasets—sometimes out-
performing BOLT. This behavior is reasonable: larger back-
bones have substantially more parameters, and updating
even a small subset via spectral coefficients can be less sta-
ble during TTA, whereas normalization-only adjustments
(as in LayerNorm) remain lightweight and robust. Nev-
ertheless, BOLT still achieves the best overall average ac-
curacy among all methods on ViT-L/14, indicating that the
spectral basis remains effective even at large scale.

Opverall, the detailed results in Table 4 show that BOLT
provides consistent gains across a wide range of datasets
and model sizes. The method is especially effective for
smaller backbones and for harder tasks, while remaining
competitive with stronger normalization-based baselines on
larger models. These findings complement the supervised
few-shot experiments and demonstrate that BOLT is a ro-
bust approach for label-free test-time adaptation without ad-
ditional supervised fine-tuning.



Table 4. Per-dataset TTA accuracy (%) on general-domain datasets with ViT-B/32, ViT-B/16, ViT-L/14 Each entry reports top-1
accuracy after label-free test-time adaptation using the UFM-style objective.

Backbone Method

DTD
GTSRB
MNIST

SVHN
STL10
OxfordIIITPet
Flowers102
CIFAR100
PCAM
CIFAR10
Food101
FashionMNIST
RenderedSST2
EMNIST
FGVCAircraft
CUB200

Country211
Average

Zero-shot CLIP 4441 3256 4825 31.61 97.12 8744 6632 6420 60.62 89.83 8272 63.02 5859 5024 19.56 53.00 17.21 56.87
LayerNorm 46.22 4194 60.22 59.01 97.17 89.10 66.74 7329 64.93 93.57 8373 75.86 61.34 6146 20.04 5352 1742 62.68

VIT-B-32 aTLAS 4441 3256 4825 31.61 97.12 8744 6632 6420 60.62 89.83 8272 63.02 5859 5024 1956 53.00 17.21 56.87
BOLT (ours) 48.62 51.21 83.22 7527 97.67 90.71 69.82 7277 5856 9413 84.41 8041 6420 89.22 20.64 53.57 17.24 67.74
Zero-shot CLIP  44.68 43.34 51.79 5198 98.25 89.04 71.15 6691 5402 9080 87.68 6732 6052 6643 2430 5537 2284 61.55
VIT-B/16 LayerNorm 4574 49.15 7559 7049 9840 9139 7198 7521 6437 9440 8839 7827 61.07 79.53 25.11 57.73 2293 67.63
aTLAS 44.68 4334 51.79 5198 9825 89.04 71.15 6691 54.02 9080 87.68 67.32 60.52 66.57 2430 5537 22.84 61.56
BOLT (ours) 46.17 50.73 86.83 70.82 98.52 91.52 7295 7553 63.17 9543 8846 7729 62.00 97.84 2532 5775 23.12 69.62
Zero-shot CLIP  55.37 50.55 76.36 58.45 9936 9343 79.17 75.82 51.21 9557 9233 6694 6892 6504 31.77 62.19 3186 67.90
VIT-L/14 LayerNorm 56.81 5891 92.19 7129 9945 9424 79.26 8396 59.11 97.52 93.02 79.13 69.36 9395 34.20 64.31 32.60 74.08

aTLAS 55.37 50.55 7636 5845 9936 9343 79.17 7582 5121 9557 9233 6694 6892 6534 31.77 62.19 3186 67.92
BOLT (ours) 56.86 57.74 90.50 71.44 99.38 9444 79.46 8354 64.01 97.68 92.73 77.88 6496 98.76 34.14 64.08 3235 74.11




Table 5. Few-shot general domain accuracy (%) for each dataset and backbone. Results are reported for & € {1,2,4,8,16}.
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Linear Probe 4197  32.87 5395 2879 9621 8694 6432  63.00 62.80 8680 8055 6287 5772 5040 1839 5257 1636 5626
LoRA 43.09 4127 6091 4171 9316 8553 4796  63.04 5602 8319 7633 6135 5920 2492 1152 3257 1385  52.68
, TP 4293 3305 5598 2914 9617 8719  64.69 6325 6270  87.08 8053 6278  57.06 5192 1872  53.04 1641  56.63
LP++ 31.81 3234 4225 1347 6801  51.89 6312 3107 5944 6098 4135 5224 5354 39.80 1377 2157 383 40.03
aTLAS 45.64 4821 8512  63.64 9529  83.65 6359 7029 6222  89.78 7853 7038 5815 9319 1953 5105 1347  64.22
BOLT (ours) 4824 5838 8614 6970 9678 8853  68.86 7127 6824 9150 8211 7328 6041 97.88 2172 5352 1651  67.83
Linear Probe ~ 41.97  32.88 5404 2879 9621 8692 6432  63.00 6281 8683  80.55  62.87 57.61 5040 1842 1637 56.28
LoRA 4559 53.92 6696  40.63 9619 8594 5515 6745  63.17 8701 7770 6237 5365 1709 828 13.68 5517
, TP 4372 3435 5690 2575 9614 8724 6562 6342 6246 8728  80.53 6422 5596 5104  19.29 16.54  56.68
LP++ 4521 4683 69.24 1887 8659 6337 7102 4075 6458 7434 4445  66.68 4937 6383 1773 478 50.62
aTLAS 4638 4996  85.68 6507 9654 8520 6640 7170 6231  88.66 8078  7L12 5541 9223 2094 1559 65.13
BOLT (ours) 5191 6414 8623 7024 9712  $932 7045 7323 6801 9118 8271 7476 5980 9670 2421 1661  68.92
Linear Probe ~ 42.02 3288 5400 2880 9621 8692 6437 6303 6281 8683 8056 6287  57.61 5045 1836 5268 1638 5628
ViT-B/32 LoRA 4867 5905 7477 4192 9562 8858 6606 6737 7433 8537  79.02 6469 5557 2271 438 4876 1415 5830
4 TP 4532 3614 5390 2865 9625 8746 6638  63.88 6328 8757  80.66 6588 5728 5327 2004 5337 1646  57.40
LP++ 5005  59.13 7708 1792 9131 6195 8221 4656 7410 7779 5721 6636 5310 7505 2403 4713 720 5695
aTLAS 4649 5808  87.89 7250 9558  86.89  69.10 7289 7252  89.06 8143 7431 5409 9570 2268 5412 1641  67.63
BOLT (ours) ~ 55.64 7177 9035 7507 97.59  89.59 7253 7454 7574 9230 8330 7773  60.74 9756 2643  57.04 1698 7146
Linear Probe  42.07 3294 5408 2886 9620  87.00 6442  63.10 6280 8686  80.59 6291 5761 5050 1845 5273 1636 5632
LoRA 55.64 7109  79.00 5461 9636  88.88 8247 7276  66.88  89.15  80.04 3851 5656 1737 654 5547 1492 60.37
g TP 4723 3759 5728 2478 9630 8741 6822 6450  60.65 8849  80.61 6646 5623 5257 2016 5381 1655  57.58
LP++ 5867 6877 8559 2556 9553 71.65 9153 5479  7L14 8214 6773 7273 5464 8183 3174 6015 975  63.76
aTLAS 5117 6504 8822 7203 9689  88.96  71.02 7499 7324 9306 8371 7882 5854  97.88 2373 5502 1719 6997
BOLT (ours) ~ 60.00  79.90 9243 7971 9746 9041 7562 7626 7552 9289 8371  §0.58  60.52  97.97  29.94 1770 7357
Linear Probe 4223 33.06 5419 2891 9621  87.03 6456  63.11 6279 8688  80.63 6298  57.61 5052 1845 1640 5638
LoRA 61.76 8046 8437 6101 9616 8861 8509 7630 7160  89.83 8175 3600  60.13 2087 2322 1635  64.55
6 TP 4995 4483 67.94 2340 9628  87.82 68353  64.69  60.68 8877 8094  68.62 5596 5927  20.55 1564 59.17
LP++ 6447 7434 9062 3337 9654 7934  9L75  61.66 7174 8590 7429 7698 5497  87.62 3645 . 1250 68.26
aTLAS 5335 6895 9077  80.14 9696  90.11 7156 7589 7335 9325  84.13 8213 5354 9778 2334 5573 1738 7108
BOLT (ours) 6372 8276 9487 8148 9781  90.65 7876 7737 7680 9407 8426  83.06 6134 9808 33.09 6300 1833 7526
Linear Probe 4229  42.83 6205 5048  97.69 8754  67.80 6238 5897 8835 8584 6432 5826 6920 2373 5333 2101 6095
LoRA 49.15 5480 7067 5994 9695 8147 7835 6893 6350 9025 8450  72.08 5475 8115 2682 5778 1930  65.32
, TP 4287 4291 6329 5161 9762 8776 6843 6262  59.40  88.44 8583 6440 5876  70.68 2400 5375  21.06  61.38
LP++ 3170 33.64 5008 1842 6594 5312 6738 3306  60.69 6744 5218 4352 5211 5117 17.88 2988 513 43.14
aTLAS 4511 5646  80.08  70.81 9666  88.61  69.82 7345  61.65 9254 8575 7049 5892  97.07 2490 5397 1892  67.37
BOLT (ours) ~ 47.93 6230 8813 7742 9810 9144  73.62 7289 6851 9293 8765 7363  6L18 9892 2799 5740 2144  70.67
Linear Probe 4229  42.87 6213 5048  97.69 8752  67.85 6243 5896 8834 8585 6432 5815 6920  23.79 60.95
LoRA 5473 63.15 7840 5801 9752 8820  84.00 7184 6057 90.60 8628 7636  60.68  77.16  30.93 68.12
, TP 4394 4340 6661 5186  97.64 8779  69.12 6263  60.16 88.64 8580 6513 5783  TL56  24.60 61.89
LP++ 4516 4925  69.84 2230 8790 7125 7523 4391 6227 7508 5382 6285 5189 7022 2373 53.61
aTLAS 4782 6177 7977 7033 9725 8923 7190  74.62 6198  92.82 8647 7429  59.53 9525  27.00 68.63
BOLT (ours) ~ 52.87 6876 8737 7687  98.16 9131 7748 7428  69.07 9283 8805 7542 6172 9878  30.75 72.00
Linear Probe 4239 4288 6213 5048  97.69  87.54  67.88 6247 5897 8836 8585 6431 5815  69.22 2391 5342 2105  60.98
ViT-B/16 LoRA 5851 7606 7668 7031 9812  91.82 8857 7470 7374 9048 8649 7409 5684  80.14 3414 6408 1997 7146
4 TP 44.89 4381 7024 5153 97.69 8798 7021 6297 6136  88.84  86.10 6607 5805 7215 2580 5509 2150  62.60
LP++ 5106 59.03  76.65 2585 9400 6479 8673 5106 7542 7834 6478 6321 5700 8277 3090 5538 898  60.35
aTLAS 4894 63.01 9048  76.68 9775 9038 7422 7443 6499 9220  87.66  76.88  58.65 9777  27.66 5792 2156  70.66
BOLT (ours) ~ 57.34  77.86 9041 8011 9832 9242 81.88 7531 7522 9351 8834 7830 6238 9832 3324 6130 2218  74.50
Linear Probe 4239 4294 6232 5046  97.69  87.63  68.04 6252 5897 8835 8588 6435 5821 6922 2391 5371 2106  61.04
LoRA 66.60 8346 8254 6971  97.66 9234 9444 7773 5833  90.80 8759  80.05  59.03 8139 4209 6973 2025 7375
g TP 4691 4670 6883 4771 9772 8869 7170  63.62  63.06  88.80  86.19 6827 6227 7381  27.00 2156 6341
LP++ 59.10  70.00  86.83 3441 9725 7934 9237 5810 7327 8746 7548 7135  60.08 8730 3831 1228 67.66
aTLAS 5160 7116 9264 8203 9770 9185 7617 7654 7420 9420 8828  79.68 6321  97.93  29.88 2282 7343
BOLT (ours) 6298 8214 9213 8330 9850 9256 8434 7744 7315 9425 8874 8040 6238 9840  36.78 2270 7619
Linear Probe 42,55  43.06 6250 5053 9770  87.65  68.08 6281 5897 8835 8591 6448 5815 6928 2394 5404 2112 6LI2
LoRA 7085 8827  87.09  79.58  97.89 9270 9497 8048  69.85  92.14  88.17 8215  50.14  89.19 4842 7603 2136  77.02
6 TP 4899 4577 7454 5134 97.81  89.02 7216 6372  63.02  89.66 8624 6927  60.74 7627  27.15 5276 2015  64.04
LP++ 65.64 7547 9245 4023  97.84 8386  93.33 6546 7108  89.82  81.07 7649  60.68  90.70 4494 7425 1538  71.69
aTLAS 5372 7398 9273  83.06 98.17  92.86  77.18  78.04  70.68 9457 8913  83.02  62.60 98.67 2241 5934 2281 7371
BOLT (ours) 6691 8548 9564 8507 9835 9305 8572  79.04 7293 9424  89.09 8329 6568 9874 4158 6926 2337  78.09
Linear Probe  53.30 5397 7212 5443 9890  92.67 7626 7277 5825 9348 9103 6228  69.19 5643  28.62 2843 66.03
LoRA 6048 7123 9194  69.64 9744 8247 . 68.81 4949 7772 8126 2535 5129 9025 2820 2029 6491
, TP 53.72 7319 5403 9890 9297  77.09  73.04 5890 9358 9101 6251 7029 5678  29.16 2844 66.47
LP++ 35.64 5421 2749 7801 5991 7322 3368 5379 6351 5593 4739 5470 5181 2076 540  46.86
aTLAS 53.46 k 7210 5441 9890 9297 7874  8L10 5827 9348 9122 6227 6925 5636  34.98 2749 6745
BOLT (ours) ~ 56.86 7411 9379 8079  99.14 9379 8357 8098 6123 9609 9154 7626 6431 9890  37.92 2898  75.40
Linear Probe 5330  53.97 7213 5443 9890 9267 7627 7280 5828 9349 9103 6229  69.19 5641 2859 6055 2844  66.04
LoRA 62.66 8033  87.33 2486 9504 4666 8733 7340 7278  90.77 8278 1647 5535  49.83  27.60 6246 1973  60.91
, TP 5404 5397 7388 5317 9890 9291 7780 7318 5982 9365 9103 6198  7LI1 5695  30.60  61.62  28.52  66.66
LP++ 4713 6240 7557 3138 9230 7727 8801  49.67 5132 7958 6455 6025 5217  68.69  29.61 4986  7.64 5808
aTLAS 5670 6721 7210 5441 9890  93.65  79.66  81.54 5827 9348  90.88 6227 6925 5636  36.18  62.65 2829  68.34
BOLT (ours) ~ 59.89  77.24 9136  80.80  99.11 9430 8678 8169  70.63 9570 9198 7656 6749  98.55 4140 6738 2934  77.07
Linear Probe 5330  54.08 7218 5443 9890 9267 7627 7285 5831 9350  91.02 6233  69.19 5646 2871 6058 2843  66.07
ViT-L/14 LoRA 6649 8487 8821 3816 9578  91.09 9236 7645 6630  80.16 6461 7186  57.61 2564 987 7213 2056  64.83
4 TP 5548 56.66 7393 5396 9892  93.00 7881 7342 6049 9365 9113 6351 7122 5743  31.83 6220 2881  67.32
LP++ 5239 7128 8159 3781 9630 7599 9138  59.57 6385 8808 7578 6720 5733  80.12  37.17 6384  1L15 6534
aTLAS 5920 7542 8990  78.10 9841  93.02 8436 8296 5827 9541 9168 7703 6925 9898 3798  66.00  29.88  75.64
BOLT (ours) ~ 64.15 8295  93.08 8157 9916 9452 9153 8278 7607 9600 9217 7776  66.67 98.19 4155 7037 3019 7875
Linear Probe 5340 5416 7220 5446 9890 9272 7640 7295 5829 9349  91.04 6236  69.19 5651 2889 6070 2847  66.13
LoRA 69.89 8629 1111 3475 9667 8673 9618  80.19 5750 9026  87.10  73.09  63.65 1782 207  79.06 1998  61.90
g TP 5601 5939 7667 5248 9895 9297  80.05 7360 6367 9372 9130 6455 7007 6181 3234 6256  28.67  68.17
LP++ 6378 8121 8933 4346  97.61 8449 9629  69.18 6844  90.07 8269  70.17 6315 8686 4587 7627 1621  72.06
aTLAS 6048 7856 9201  79.16  98.67 8847 8376 5827 9645 9232 7861 6925 9839  39.66 6724 3158  76.84
BOLT (ours) 6511  86.16 9434 8493 9928 9458 9441  84.04 7512 9655 9255 8136 7013  98.76 74.63 80.42
Linear Probe 5346 5428 7222 5450 9889 9272 7642 7311 5833 9350 9107 6245  69.19  56.58 60.98 66.19
LoRA 7553 9070 2088 1043 9814 9147 9719 8172 7007  90.69 8785  79.61 6925  16.55 82.91 67.15
6 TP 5734 63.03  79.13 5333 9899  93.32  80.37 7392 6622 9389 9141 6678  64.85  68.67 59.98 68.13
LP++ 7037 85.61 9334 5040 9890  89.42 9649 7412  7L61 9479 8780 7684  60.90  90.66 . 81.31 . 76.32
aTLAS 6383 8254 9502 8651 9879 9496  88.18 8542 5827 9663  92.87 8251 6925 9852  41.19 6855  32.06  78.53
BOLT (ours)  71.06 8827 9630 8605 9925 9496 9496  85.15 7615 9724 9297 8387 (9.19 9887 4953 7927 3127  82.02




Table 6. Few-shot remote-sensing accuracy (%) for each dataset and backbone. Results are reported for k € {1,2,4,8,16}.
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Linear Probe 7167 5571 5859 69.62 6090 2934 2874  SAIl  Sl42 4495 6238 8358 5484
LoRA 81.50 6551 6627 7876 1941 2657 4442 5768 7804 7045 7690 8657 6683
, TP 72.00 5700 5957 7043 6360 3L14 2960 S4Il 5344 4687 6405 8458 5622
LP++ 6667 W12 462 5430 6286 2714 5178 4321 57.09 4116 5167 6169 4942
aTLAS 7783 7285 7895 9220 7831 3967 4491 6107 7449 7402 6729 8786 9254 7149

78.68 81.79 92.74 81.97 46.83 54.96 77.50 78.95 83.89 76.46 89.76 96.52 79.26

BOLT (ours) 92.83

Linear Probe 50.37 55.83 58.67 69.62 61.28 29.48 28.82 54.11 51.82 44.89 45.83 62.38 83.58 54.92

LoRA 69.93 7030  69.86 8172 8587 3881 5948 6250 8219 6500 6562 8595  89.05 7191
, TP 5554 5801 6076 7124 6564 3450 3124 5429 5628 4820 4979 6643 8607 5791
LP++ 60.65 5753 6251 6935 7952 4626  69.50 5982 7126 5522 6042 6881 7960 6532
aTLAS 6387 7595 8006  94.62 7842 4127 4704 6482 7652 6756  70.62 9000 9801 7406
BOLT (ours) 8424 7913 8214 9382 8740 4991 6090  80.00  87.85  85.67 9357 9851 8268
Linear Probe 5048 5604 5905 7016 6145 3031 2913  S411 5223 4520 62.38 55.14
ViT-B/32 LoRA 7187 7740 7833 8656  90.56 5183 5923 7375 8421 8348 89.52 79.50
. TP 5863 6062 6305 7392 6931  37.56 3462 5464 6235 5399 3 69.29 60.86
LP++ 6943 6475 6483 7312 8375  53.60 7817 7580 8623 7966 7375 8119 75.15
aTLAS 7446 7894 8324 9570 8158 4580  49.10 6304 8421 7959 7708 9119 78.06
BOLT (ours) 89.30 8183  84.63 9480  90.12 5420 7010 8518 9150  89.42 8792 9357 85.91
Linear Probe 5094 5649 5975 7070 6219 3099 2968 5429 5304 4514 4583 6286 55.61
LoRA 8630 8218 8162 9032 9456 5771 8419  80.36 9069  89.45 8521  94.05 85.51
¢ TP 6341 6485 6594 7742 7533 4287 3857 5250 7045 5619 5813  69.76 64.40
LP++ 7880 7497 7525  80.38 9095 6390 8656 8214 9028 8341  81.04 8333 82.13
aTLAS 7798 8109 8448 9677 8444 4678 5452  70.18 8543 7657 8354 9286 80.28
BOLT (ours) 9207 8412 8571 9731 9334 5845 8097  90.00 9312 9100 9125 9571 88.73
Linear Probe 5102 5764 6092 7151 6331 3291 3063 5464 5547 4644 4688 6476 8458  56.68
LoRA 9200 8592 8570 9247 9661 7158  93.64 8643 9251 9167 9619 9024
6 TP 6722 7010  69.02  80.65 8120 47.12 4649 6232 7287 6034 6854 7524 9204 6939
LP++ 8346 8198  80.14 8790 9507 70.89 9117 8554 9231 8824 8938 9286 9701  87.16
aTLAS 88.17 8270 8478 9651 8587 4849 5613 8536 9150 8872 8646 9476 9801 8420
BOLT (ours) 9352 8676  87.60  97.04 9477 6241 8503 9196 9474  93.08 9417 9690 9950  90.62
Linear Probe 7483  60.17 5002 6277 6416 7177 6350 3330 2826 5036  63.56 5354 6286
LoRA 8833 7426 7275 7195 7661 8446 3453 5035  67.50  82.19 4708 79.29
, e 75.50 5341 6381 6519 7339 6584 3536 3036 5089  65.18 5542 6381
LP++ 69.00 5685 5156 5295 6102  67.04 2954 5520 3000  64.37 5000  60.24
aTLAS 8283 5103 5983 7755 7819 9247 7829 4415 4627 6500 7976 68.54  85.00
BOLT (ours) ~ 9150 7740 7920  79.18 8325 9140 8650 5186 5697  73.04  9L09 7688 89.29
Linear Probe  74.83  60.17 5004 6279 6421 7177 6367 3345 2828 5036 6356 4647 5354  62.86
LoRA 89.17 5633 8283 7448 7665 8360  90.12 4926 5823  59.82 4939 5789 7271 8357
, TP 7633 6130 5826 6466 6632 7581 6832 3801 32690 5286 6478 5419 5625 6429
LP++ 70.50 5810  69.98 6127 6697 7177 8107 4720 6919 6125 8016 5589 6292  68.10
aTLAS 8033 7490 5169 77.89 8073 9489 8117 4555 5064 7339 7652 7062 88.81
BOLT (ours) ~ 93.50  80.37 8550 8027  85.06 9274 9038 5459 6490 8214  89.47 8438 9381
Linear Probe 7500 6040 5017 6296 6459 7258 6414 3382 2849 5036 6397 5354 6286 8507 5829
ViT-B/16 LoRA 94.50 8846 7744 7398 8737 9135 5728 7593 7554 5628 6833 8619 9701 7931
. TP 78.83 6200 6618  68.16 7661 7219 4124 3815 5607  68.83 5833 67.14  89.05  64.29
LP++ 93.17 7559 6927 6925 7608 8480 5651 7597 7161  86.23 7938 7667 8806  76.77
aTLAS 8450 6013 6348 7993 8306 9462 8398 4792 5554 7429  87.04 4512 7562 9024 9851 7493
BOLT (ours) ~ 96.17 8287 9033  8L67 8722 9516 9294 6107 7472 8732 9474 8833 8812 9690 9950  87.80
Linear Probe 7500 6073 5063 6340 6506  73.66 6538 3505 2942 5018 6397 4627 5375 6310 8557  S8.74
LoRA 9500 7977 9169  84.60 8075 9005 9580 6735 8092 8679  95.14 8478 8896  89.05 9851  87.8
¢ TP 8250 6457 6630 6944 7110 7957  77.65 4583 4536 5946 7206 6320 6146 7190  90.55  68.06
LP++ 9467 7200 8041 7835 7944 8333 9258 6533 8664 8482 9231 8461 8271 8571  89.05 8346
aTLAS 8750  70.63 8311 8125 8163 9651 8694 5091 6110 7839 7126 8306 8292 9476 9701 8047
BOLT (ours) 9683 8390  91.67 8427 8921  97.04 9523 6436 8032  89.64 9433 9152 9208 97.86  99.00  89.82
Linear Probe 7533 6133 5119 6405 6627 7419 6658 3690 3135 5071 6518  46.62 6381 8657  59.64
LoRA 9533 8270 9424 8770 8606 9382  97.86 7603 9357 9071 9514 8831 9643 9950 9142
6 TP 87.17 70.54 7281 7510 8280 8377 4994 5475  69.11 8057 7031 7857 9303 7357
LP++ 9650  77.60 8557 8414 8538 8898 9600 7189 9225 8429 8947  89.46 9190 9652 88.04
aTLAS 9533 8210  87.52 8346 8622  97.58 9025 5243  68.14 8554 9109 8944 9667  99.00  86.15
BOLT (ours) ~ 97.50 8513 9326  87.03 90.14 9731 9661 7049 8624 9143 9757 9435 98.10  99.50 9195
Linear Probe 7433 7492 3921 3901 5804 6397 6327 72.38 63.77
LoRA 85.00 8135 SL1L 59.02 6821 7571 6622 8024 7344
, e 75.67 7641 4124 4030 6018 6518  64.01 73.81 65.07
LP++ 66.00 7041 3955 4868 3357 5830  63.00 55.95 52.74
aTLAS 74.33 8401 5063 5223 5786 6356  63.09 72.38 66.86
BOLT (ours) ~ 91.00 8799 5773 5983 7357  90.69 7785 95.95 82.88
Linear Probe 7433 66.63 5020  67.62 6924 7554 7497 3964 3909 5804 6356 6319 5833 7262 8507 6387
LoRA 9083 6897 8356 7625 8125 8629  89.34 6381 7751 7393 8340 6354 7292 8619 9453  79.49
, TP 7683 6850  57.19 6936 7081 7608  78.17 4304 4158 6357 6721 7476 8905 6671
LP++ 8350 6603 6574 7148 6975  69.62 8688 5448 6878 6821  78.95 6500 8458  70.11
aTLAS 7433 8133 4969 8222 8519 9731 8462 5200 5519 5786  63.56 9429 9801 7312
BOLT (ours) ~ 93.33 8437 8933 8406 8898 9651 9128 6190 6641 8321 9271 97.62 9950  85.69
Lincar Probe 7433 66.60 5041 6783  69.57 7608 7538 4027 3935 5804 6437 7262 8507 6415
ViT-L/14 LoRA 8667 6530 7661 8258 8548 9032  90.84 6324 8690  89.64  91.09 9476 9652  84.62
. TP 80.00 6980 6289 7123 7260 7769 7975 4623 4418 6661  71.66 7762 9353 69.65
LP++ 9583 7010  80.56 7411 7521 8360 8898 5828 7730 8179  89.88 8262 8856  80.17
aTLAS 8450 8150 7967 8399 8765 9785 8872 5762 59.15 5786 9150  63.09 8271 9500 9801  80.59
BOLT (ours) ~ 9583 8520 8930 8416 9037 9785 9411 6615 7456 8732 9555  89.06  89.17  97.38  100.00  89.07
Linear Probe ~ 74.67 6727 5076 6847 7024 7688 7686 4152 3999 5821 6478 5875 7310 8507 6467
LoRA 8850 8140 8841 8223 8794 9140 9567 7854 9214 8339 9717 8292 7524 9602  86.13
¢ TP 82.67 7167 6789 7434 7567  80.65 8296  49.69 4823 7000  76.11 6583 8238 9701  73.00
LP++ 9783 78.13 8606 8238 8359 8468 9363 6881 8673 8518 9271 8208 9024 9602 8639
aTLAS 83.00 8277 7783 8548 8925 9946 9191 6159 6649 7786 9312 63 8271 9690  99.50 8340
BOLT (ours) ~ 97.83 8523 9311 8654 9163 98.12 9586 7189 8073 8911 9676  90.64 9271 9857 9950  91.22
Linear Probe  75.17 6807 5167 6941 7167 7769 7808 4364 4102 5893 6680  63.69 6042 7333  87.06 6578
LoRA 98.17 8090 9265 8948 9L16 9489 9762 8188 9575 8857 8300 8446 8604 9619 9851  90.62
6 TP 8567 7427 7796 7875 8414 8623 5402 5575 7554 7935 7524 6958 8476 9801 7682
LP++ 9833 8277 9041 8660 8702 9005 9604 77.05 9244 8661 9271 9030  90.62 9429 9801 9022
aTLAS 9133 8527 8859 8664 9033 9866 9334 6447 7145 8580 9676 8609 8938 9786 9950 8837

BOLT (ours) 98.33 86.90 95.17 88.60 92.70 99.19 96.45 75.80 85.67 91.25 97.98 93.16 94.38 99.52 100.00 93.01
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