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Abstract

Adapting large pre-trained models to unseen tasks under
tight data and compute budgets remains challenging. Meta-
learning approaches explicitly learn good initializations,
but they require an additional meta-training phase over
many tasks, incur high training cost, and can be unstable.
At the same time, the number of task-specific pre-trained
models continues to grow, yet the question of how to trans-
fer them to new tasks with minimal additional training re-
mains relatively underexplored. We propose BOLT (Basis-
Oriented Low-rank Transfer), a framework that reuses ex-
isting fine-tuned models not by merging weights, but in-
stead by extracting an orthogonal, task-informed spectral
basis and adapting within that subspace. In the offline
phase, BOLT collects dominant singular directions from
multiple task vectors and orthogonalizes them per layer to
form reusable bases. In the online phase, we freeze these
bases and train only a small set of diagonal coefficients per
layer for the new task, yielding a rank-controlled update
with very few trainable parameters. This design provides
(i) a strong, training-free initialization for unseen tasks,
obtained by pooling source-task coefficients—along with a
lightweight rescaling step—while leveraging the shared or-
thogonal bases, and (ii) a parameter-efficient fine-tuning
(PEFT) path that, in our experiments, achieves robust per-
formance compared to common PEFT baselines as well as a
representative meta-learned initialization. Our results show
that constraining adaptation to a task-informed orthogonal
subspace provides an effective alternative for unseen-task
transfer.

1. Introduction

Adapting large pre-trained models to new tasks and shifted
data distributions is critical for real-world deployment, es-
pecially when facing unseen tasks with limited data [30, 66,
69]. In such few-shot or test-time adaptation scenarios, the
model’s initialization often plays a decisive role [4, 30] in
whether learning will succeed.
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Figure 1. Conceptual view of BOLT: Task vectors {©; — O} ;
can be represented in a common subspace X formed by orthogo-
nal bases {eq}y_,. By reusing the same subspace, the model can
adapt to an unseen task vector {@new — @0} more quickly.

Gradient-based meta-learning methods such as Model-
Agnostic Meta-Learning (MAML) [12] were among the
first to emphasize the importance of a good initialization by
explicitly training models to rapidly adapt to novel tasks.
However, these approaches involve expensive bi-level op-
timization and can be unstable to train [17], and require
a dedicated meta-training phase over many tasks, which
may be impractical in settings where new tasks continu-
ally emerge. This motivates developing methods that offer
strong initialization for unseen tasks without requiring an
additional meta-training stage, especially in settings where
a library of fine-tuned models is already available.

At the same time, the ecosystem of pre-trained mod-
els is rapidly expanding, covering a diverse array of do-
mains and tasks [11, 14, 40]. This abundance presents
an opportunity: instead of additional heavy training, one
might transfer knowledge directly from existing models to
new tasks. Prior work has explored merging or compos-
ing multiple fine-tuned models to combine their capabili-
ties [13, 22, 33]. For example, a fine-tuned model can be
represented as a task vector [21], and adding or averag-
ing such vectors can blend learned behaviors. While these



model-merging techniques can perform well on tasks that
were part of their training set, they are not designed for en-
tirely unseen tasks. A merged model essentially interpo-
lates between known task solutions and tends to overfit to
the training tasks, lacking a mechanism to generalize be-
yond them [52]. In fact, naive task arithmetic often entan-
gles disparate update directions, leading to interference and
unpredictable behavior when tasks are misaligned. These
limitations motivate a different approach to model transfer.
In this work, we pursue an alternative paradigm for adapt-
ing models to unseen tasks. If we have a library of models
fine-tuned on diverse source tasks, the weight-space direc-
tions in which these models moved during fine-tuning may
span a rich subspace for future tasks. Our insight is that
these task-specific directions can be extracted and re-used
as a basis for new tasks. Recent studies have shown that the
dominant singular directions characterize the principal axes
of the fine-tuning update, and that orthogonalizing such di-
rections across tasks can mitigate interference.

Building on this insight, we propose Basis-Oriented
Low-Rank Transfer (BOLT), which adapts a pre-trained
model to a new task without any explicit meta-training [17]
or model merging [59]. Instead of combining weights from
different models, BOLT constructs an orthogonal spectral
basis from existing fine-tuned models and uses this basis as
the backbone for adapting to an unseen target task. A con-
ceptual overview is shown in Figure 1.

Concretely, BOLT operates in two phases. In an of-
fline phase, we collect the task vectors from multiple source
models and perform singular value decomposition (SVD) to
extract their major directions. We then orthogonalize these
directions to form a shared spectral basis for each layer.
In the subsequent online phase, the new task is learned by
freezing this orthogonal basis and training only a small set
of coefficients. The resulting weight update for the unseen
task is constrained to lie in the span of those basis direc-
tions — equivalently, the update is diagonal in the shared
spectral basis. This design keeps the number of train-
able parameters extremely low and confines the update to
a subspace spanned by prior tasks, providing explicit con-
trol over the update’s effective rank and reducing the risk
of overfitting to spurious patterns. We validate BOLT on
challenging few-shot image classification benchmarks and
label-free test-time adaptation scenarios. Without any ad-
ditional meta-training, BOLT achieves more robust perfor-
mance than conventional fine-tuning or parameter-efficient
tuning baselines. As an additional comparison, Figure 2 re-
ports few-shot adaptation results on 17 unseen tasks using
a ViT-B/32 backbone, where BOLT’s initialization outper-
forms meta-learned initialization. In summary, our contri-
butions are:

¢ Orthogonal multi-task bases: We build task-informed,
layer-wise orthogonal bases by collecting the top singular
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Figure 2. Meta-learning vs. BOLT: few-shot adaptation curves
comparing meta-learned initialization and BOLT. Our method
reaches higher accuracy in fewer epochs, showing faster conver-
gence than meta-learned initialization.

directions from multiple fine-tuned models and orthogo-
nalizing them. This provides a stable shared coordinate
system for later adaptation.

» Strong initialization without training: By projecting
task vectors into the shared spectral basis and pooling
their coefficients—with a lightweight rescaling step—we
obtain a training-free initialization that already performs
well on unseen tasks.

* Generalization on few-shot and test-time adaptation:
Comprehensive evaluation on few-shot, out-of-domain
(OOD), and label-free test-time adaptation across general
and remote-sensing datasets, showing that BOLT consis-
tently matches or surpasses strong PEFT with far fewer
task-specific parameters.

2. Related Work

Parameter-efficient adaptation. When data and com-
pute are limited, a central challenge is enabling adaptation
with minimal changes to the backbone. Recent work ad-
dresses this by constraining where learnable parameters are
introduced. Low-rank modules such as LoRA [18] and its
decomposed variants [3 1] inject compact update factors into
linear layers, while modulation- and adapter-based meth-
ods [3, 29] adjust activations or insert small bottlenecks to
provide controlled capacity. Prompt-based tuning [23] in-
stead steers the backbone using a few learnable tokens. In
the CLIP [40] setting, feature-space approaches—including
linear probes, TIP-Adapter [63], and LP++ [20]—avoid
weight updates entirely. Despite differing in where ca-
pacity is added, these methods all restrict adaptation to a
lightweight and well-structured subspace.

Task vectors and composition. A complementary line of
work edits models directly in weight space by representing
fine-tuned checkpoints as task vectors, enabling arithmetic
operations such as averaging, interpolation, and tangent-
space editing [21, 37]. While this reveals that indepen-



dently fine-tuned models often lie in shared basins, naive
combinations can entangle incompatible update directions,
prompting structure-aware approaches that use curvature-
based weighting [33] or conflict-aware sparsification [57].
More recent analyses decompose task vectors into layer-
wise singular directions [13], providing a means to diag-
nose interference and merge updates along decorrelated
axes, while anisotropic scaling methods [62] learn how to
emphasize or suppress specific components. Collectively,
these methods expose the compositional structure of fine-
tuning updates, though they primarily reweight existing di-
rections rather than building new coordinate systems for un-
seen tasks.

Subspace methods and orthogonalization. A related
line of work controls where learning occurs by shaping
the subspace of allowable updates. In continual learning,
projecting gradients away from previously spanned direc-
tions mitigates forgetting [44, 61], and later studies analyze
how the choice and frequency of such projections influ-
ence robustness [58, 65]. Orthogonalization also arises in
representation analysis, where similarity metrics, whiten-
ing, and decorrelated normalization help disentangle fea-
ture directions and reduce redundancy [19, 24, 41]. In pa-
rameter space, permutation or orthogonal alignment recon-
ciles symmetries before model averaging, improving merge
fidelity [1]. Overall, these approaches demonstrate that
enforcing orthogonality—on gradients, representations, or
weights—can reduce interference and motivate learning
within a shared, decorrelated subspace.

Initialization for Unseen Tasks. A central determinant
of performance on unseen tasks is the starting point from
which adaptation proceeds. While gradient-based meta-
learning popularized learning such initializations, it typ-
ically requires a separate meta-training phase over many
tasks [6, 12, 35]. A complementary line of work empha-
sizes structure in the update space, using low-rank or or-
thogonalized coordinates to stabilize early learning. Build-
ing on this perspective, we propose a training-free initializer
and show that pooling and lightly rescaling the spectral co-
efficients of source-task updates provides a compact start-
ing point that performs well on unseen tasks. Conceptually,
our approach is related to meta-learning in that both aim
to construct useful initializations for new tasks, but BOLT
obtains such initial states analytically from a collection of
fine-tuned models instead of introducing a separate meta-
optimization stage.

3. Preliminaries

Before introducing our framework, we formalize the prob-
lem setting, and clarify how task-specific updates are repre-
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sented and combined.

3.1. Setting and Task Vectors

We consider a pre-trained model with weights ©g, and a
set of N related source tasks for which fine-tuned models
{©,}}, are available. Each ©); is obtained by fine-tuning
©p on task i. We define the task vector for task ¢ as the
difference between the fine-tuned and original weights:

A; = ©; —06y. &)

This A, represents the full update that adapts the pre-trained
model to task i. For each layer ¢, suppose the weight param-
eters in ©g form a matrix of dimensions my, x n, and let
Mi(e) = @Z(-Z) - @ff) be the corresponding layer update for
task £. This layer-wise view aligns with prior analyses that
use singular vectors to characterize task-specific changes
and allows us to directly apply standard linear algebra tools.

3.2. Task Arithmetic and Its Limitations

A simple way to combine knowledge from multiple tasks is
to merge their weight updates. We first define the merged
model B4, as follows:

N
Ougg = B0+ Y _ i\, 2)
1=1

Here, A; is the task vector of task ¢, and «; are blending co-
efficients. This task arithmetic directly composes the fine-
tuning updates from different tasks. While easy to com-
pute, naive weight merging as in Eq. (2) can suffer from
interference between tasks. If the dominant update direc-
tions of tasks are not mutually aligned, the ) . o;A; will
entangle disparate directions and degrade performance. In
practice, merged models often exhibit unpredictable behav-
ior unless the tasks are very compatible. More importantly,
merging alone is not sufficient for entirely new target tasks.
The combination in Eq. (2) can only blend the behaviors of
existing task updates A;, and when the target task departs
from these sources, there is no principled way to choose co-
efficients «; that produce the required behavior. In particu-
lar, once a merge is chosen, there is no explicit adaptation
step for the new task. In contrast, our approach treats these
directions as a shared basis and learns task-specific coeffi-
cients from the target data rather than relying on a single
static merge.

3.3. Singular Directions and Low-Rank Structure

Although a task update A; has the same dimensionality as
the original parameters O, in practice the change it induces
is much more structured. Empirically, most layers do not
need to move in all directions of the weight space at once;
instead, the update tends to concentrate its energy in a few
dominant directions. To make this precise, for a given layer



¢, we look at the matrix-shaped update Ml-(z) corresponding
to task ¢ at that layer and apply a thin SVD:

MO — OOy OT

K2

3)

where Ui(z) and Vi(e) collect the left and right singular di-
rections of the update, and E,@ contains the singular val-
ues sorted in decreasing order. When only a few singular
values in EEZ) are large, Eq. (3) shows that Mi(e) is well-
approximated by a low-dimensional subspace spanned by
those dominant singular directions. This is the key prop-
erty we later exploit when we aggregate singular directions
from multiple source tasks and orthogonalize them into the
shared bases.

3.4. Orthogonalization and Basis Construction

As shown in Section 3.3, task-specific layer updates Mi(é)
often concentrate their energy in a few singular directions
(Eq. (3)). This suggests that, across many source tasks, we
can collect those dominant directions and use them to span
a common subspace for future adaptation.

For each layer ¢, suppose we have N source tasks and
their matrix-shaped updates { M, Z_(e) MY . We first compute a
thin SVD for each and keep only the top k; singular direc-
tions. We then stack these directions across tasks to make

Z m s
U= U0 12k) - UL (k)| € R, “
V= [Vf”(:,l:kl) V}f)(;,1;kN)] € R™xT,

o € R™X7 and Vs(ti)ck € R™X" where r =

Zfil k; is the total number of collected directions.
Because these stacked directions may still be correlated

across tasks, we orthogonalize them to obtain the final task-

informed, layer-wise bases U, éfgh and Vo(ri)h, defined as

= oV,

stack

So that U9

sta

0

orth

Usan = OUsl2a0);

ort

&)

where O(+) denotes the SVD-based orthogonalization oper-
ator. These matrices serve as the shared spectral coordinates
in which all subsequent target-task updates are represented.
Concretely, we apply a single whitening step

¢ ¢ o T -1
chrzh = Us(teick (Us(tEZCk Us(t;ck + <€I) 27 €> 07 (6)
T _1
‘/o(fc)h = ‘/;(tgck (Vs(t?ck Vs(t?ck +el) 2, e>0.

with ¢ > 0 for numerical stability. Following prior
work [13], we compute UY,, ., and V£, , via the thin SVD
Uboae = ¥uXu®,) and V5, 4 = ¥, %,0]. We then set
Uorth = \I/uq)I and ‘/orth = \qu);r

All subsequent adaptation in Section 4 will keep

orth
and Vo(r[?h fixed and will learn only how much to scale each

basis direction.

7
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4. Proposed Method

In this section, we now describe how BOLT performs adap-
tation using the shared orthogonal bases. Figure 3 summa-
rizes the overall pipeline, and the following subsections de-
scribe each step mathematically.

4.1. Projection to the Shared Coordinates

Let Mi(é) denote the parameter update of source task ¢ at

layer ¢, defined as in Sections 1-3. For layer ¢, we omit
the index for clarity and denote M := Mi(l), U:=U O(ft)h,
Vo= Vo(ft)h. Because U and VT are column- and row-
orthonormal, respectively, any update M can be projected

onto the task-informed subspace by

S =U"MV, SeR™, (7

which measures how strongly M activates each pair of
shared directions obtained in Eqs. (4)-(6). Note that this
step does not re-define the bases; it only re-expresses M in
the already-fixed coordinates.

4.2. Diagonal Reconstruction Problem

Our goal in Section 4 is not to keep the full » X r matrix in
Eq. (7), but to find the best diagonal matrix inside this sub-
space that reconstructs M when mapped back to the original
space. We therefore consider the least-squares problem

min [|[M —UDV ", @®)

where D € R"*" is constrained to be diagonal, i.e., D;;
0 for i # j. Eq. (8) asks for the diagonal coefficients in
the shared basis that best match the offline update M. To
make Eq. (8) explicit, insert and subtract USV T inside the
Frobenius norm:

(M —-USVT)+U(S-D)V"||%
=M -USVT|% + UGS - D)V |3,

®)
(10)

The cross term in Eq. (9) vanishes because the two compo-
nents lie in orthogonal subspaces:

U'(M-USVTYWV =8§-8§ = 0. (11
The first term in Eq. (10) is independent of D, so minimiz-
ing Eq. (8) is equivalent to

min [|U(S — D)VT|%. (12)

At this point we use the orthonormality already established
in Section 3. When a matrix already lives in the span of U
and V, the Frobenius norm is preserved. Thus, the term in
Eq. (12) can be expressed as follows:

lU(s-=D)WVTE = |IS - Dl

Therefore, the diagonal extraction problem further reduces
to the following form:

i — D|%.
min [|S - D}

13)

(14)
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Figure 3. Overall BOLT pipeline: for task vectors {©;}~ ;, we extract layer-wise SVDs and orthogonalize them to obtain shared bases
{Uborth, Vortn }. These fixed bases are later reused to construct weights for an unseen task with only small diagonal parameters.

4.3. Closed-form Diagonal and Coefficient Vector
Expanding the Frobenius norm in Eq. (14) yields Eq. (15):

IS = Dl3 =Y S + Y (S5 — Dij)*.
i#k i

(15)

The off-diagonal part itk S?k does not depend on D, so
the minimizer is obtained by matching every diagonal en-
try. In other words, the optimal diagonal simply copies the
diagonal of S:

D3, = S;; Vj. (16)
Consequently, we can write
D* = diag(s), s := diag(S) € R". (17)

The r-dimensional vector s is the only information from M
that we will carry over into the online phase.

4.4. Pooling Across Multiple Source Tasks

When we have N tasks, we simply repeat the projection
Eq. (7) and the diagonal extraction Eq. (17) for each task:

S; =U"M;V, s; = diag(S;) € R", i

=1,...,N, (18)
These {s; } /¥, are all expressed in the same orthonormal co-
ordinates because U and V were fixed offline (i.e. Egs. (4)-
(6)). A simple, data-free initializer for a new/unseen task is
then the component-wise mean

1 N
Spool = 7 D_Sis (19)
1=1
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Figure 4 summarizes pooling, where each source update is
projected onto the shared bases to form S;, and then the
resulting diagonals {si}f\il are averaged to obtain s, for
the online phase.

Scalar rescaling of the diagonal. After the data-free
mean initializer in Eq. (19), we apply a single global scal-
ing factor to all diagonal coefficients, selecting it via a brief
sweep on the training set. For each candidate o € A (a
small finite set, e.g., {1, 3,5,7,10}), we form

(@9

s9a)=a Spoor  for all layers £, (20)
compose the merged parameters
90+ > Ul dingGO @)V @D
¢

and evaluate accuracy on a few mini-batches of the training
data. We then select

& = argmax Acc (60, {5(4) (@)}; Dtrain), (22)
acA
and set the initialization to s((f) =& S(Zo)ol for all £. This step

does not modify the orthogonal bases and adds negligible
cost, yet often stabilizes early adaptation by matching the
overall scale of the diagonal update to the target task.

4.5. Online Adaptation in the Shared Subspace

At adaptation time, we keep the task-informed bases from
Section 3 fixed and learn only the spectral coefficients. For
a new task, the admissible update at layer ¢ is

AQ, () = UL, diag(sOVT. 23
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Figure 4. Initialization of the diagonal coefficients: each source
task is projected onto {Uortn, Vortn } to obtain its best diagonal
{s£}X ., and these per-task diagonals are pooled to form sf’;ool for
anew task. This provides a data-free, task-informed starting point.

where s() is the only learnable parameter at that layer. This
parameterization restricts the update to the spectral diag-
onal of the shared basis, so that rank(Affe)w(s“))) < r
and forces the target-task update to remain inside the task-
informed subspace spanned by {Uéft)h, Vo(f;)h}. The adapted
model for the new task can then be written as

O(s) =09+ > _ AL (s“), (24)
£

where all s() are initialized from the pooled and rescaled
coefficients in Eq. (20). In this way, BOLT performs online
adaptation by optimizing only a small number of spectral
coefficients per layer, dramatically reducing the number of
task-specific parameters while still allowing effective adap-
tation in the shared orthogonal subspace.

5. Experiments

We evaluate BOLT across few-shot, OOD, and test-time
adaptation settings to validate its generality and efficiency.
This section outlines the benchmarks and implementation
details, followed by quantitative comparisons and ablations.

5.1. Benchmarks and setup

Tracks. We evaluate three complementary tracks: (i)
few-shot classification with k& € {1,2,4,8,16} labeled
samples per class, (ii)) OOD robustness on ImageNet-
V2/A/R/Sketch, and (iii) label-free test-time adaptation
(TTA) under distribution shift.

Datasets. We evaluate our method on two disjoint fami-
lies of tasks. (i) General-domain tasks include DTD [7],
GTSRB [47], MNIST [26], SVHN [34], STL10 [8],
OxfordIIITPet [38], Flowers102 [36], CIFAR100 [25],
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PCAM [48], CIFAR10 [25], Foodl101 [2], FashionM-
NIST [55], RenderedSST2 [45], EMNIST [9], FGVCAir-
craft [32], CUB200 [49], and Country211 [40]. (ii)
Remote-sensing tasks include AID [54], CLRS [28], Eu-
roSAT_RGB [15], MLRSNet [39], NWPU-RESISC45 [5],
Optimal-31 [51], PatternNet [67], RS_C11 [64], RSD46-
WHU [56], RSI-CB128 [27], RSSCN7 [70], SAT-4 [68],
SIRI-WHU [68], UC_Merced [60], and WHU-RS19 [53].

We report results separately for these two families be-
cause they differ markedly in their visual statistics and
transfer behavior. General-domain datasets contain natural
or object-centric imagery with relatively homogeneous tex-
ture and illumination, whereas remote-sensing datasets con-
sist of aerial scenes characterized by greater spatial com-
plexity, scale variation, and distribution shifts induced by
environmental or atmospheric factors. Evaluating them
jointly would obscure domain-specific effects, while treat-
ing them separately allows us to examine how adaptation
behaves under distinct visual regimes. Notably, remote-
sensing imagery forms a particularly challenging stress test
for few-shot and low-rank adaptation, since its domain
gap from pre-trained CLIP representations is substantially
larger than in conventional vision benchmarks.

Baselines. We compare BOLT against a range of adap-
tation methods. Zero-shot CLIP [40] classifies images di-
rectly from text prompts without any task-specific train-
ing, while a linear probe [40] fits a linear classifier on
frozen CLIP features and serves as a lightweight adaptation
baseline. Tip-Adapter [63] performs training-free few-shot
adaptation using a key—value cache built from support ex-
amples, and LP++ [20] strengthens linear probing through
improved feature normalization and optimization. Among
parameter-efficient tuning methods, LoRA [18] injects low-
rank updates into weight matrices, and aTLAS [62] learns
anisotropic scaling coefficients over task vectors to improve
compositional transfer.

Training and evaluation. We benchmark BOLT on
three CLIP backbones—ViT-B/32, ViT-B/16, and ViT-
L/14—across few-shot and test-time adaptation settings to
assess robustness under diverse data regimes. In all experi-
ments, BOLT performs layer-wise retention of up to 12 sin-
gular directions, capturing dominant update structure while
maintaining a highly compact model (about 8k learnable
parameters). The spectral bases are constructed by aggre-
gating all source-task vectors within each domain. Imple-
mentation details, hyperparameters, and extended results
are provided in the supplementary material.

5.2. Few-Shot Adaptation

Few-shot learning aims to adapt a pre-trained model to a
new task using only a handful of labeled samples—£k im-



Table 1. Few-shot accuracy (%) averaged over three CLIP backbones (ViT-B/32, ViT-B/16, ViT-L/14) and all datasets within each domain.
Left: general-domain; right: remote-sensing. Best and second-best per column are in bold and underlined.

General datasets

Remote-sensing datasets

Method 1-shot 2-shot 4-shot 8-shot 16-shot 1-shot 2-shot 4-shot 8-shot 16-shot
Zero-shot CLIP 60.74 58.59

Linear Probe 61.08 61.09 61.11 61.16 61.23 58.87 58.95 59.19 59.67 60.70
LoRA 60.97 61.40 64.86 65.34 69.57 70.12 73.91 81.14 86.31 90.76
TIP 61.49 61.74 62.44 63.05 63.78 60.36 62.01 64.94 68.49 73.26
LP++ 43.34 54.11 60.88 67.83 72.09 51.85 67.59 77.36 84.00 88.47
aTLAS 66.34 67.37 71.31 73.41 74.44 69.87 73.68 77.86 81.38 86.24
BOLT (ours) 71.30 72.67 74.90 76.72 78.46 80.77 83.86 87.59 89.92 91.86
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Figure 5. Few-shot accuracy at 4 and 16 shots using the ViT-B/32 backbone across general and remote-sensing datasets.

ages per class for a k-shot setting. Following standard
practice, we adapt a frozen CLIP encoder to each target
dataset using only k € {1,2,4,8,16} class-balanced ex-
amples while keeping the spectral basis fixed. As sum-
marized in Table 1, BOLT achieves the best performance
across both the general and remote-sensing domains, show-
ing clear advantages even under extremely limited super-

vision.

In few-shot settings, the improvement margin is

particularly pronounced, highlighting the effectiveness of
spectral basis adaptation for data-scarce scenarios. While
aTLAS learns anisotropic scaling coefficients on existing
task vectors, reweighting known directions within a linear
subspace, our method instead constructs a compact diag-
onal spectral basis derived from multi-task singular direc-
tions. By decorrelating these directions into an orthogonal
basis, BOLT mitigates interference during adaptation and
achieves stable, data-efficient performance, as shown in Ta-
ble 1. In addition, aTLAS requires all task vectors to be
stored and optimized jointly, which increases memory us-
age, whereas BOLT builds a shared orthogonal basis once
and reuses it across tasks, achieving much higher memory
efficiency without sacrificing performance.

Figure 5 illustrates per-dataset results for the ViT-B/32

Table 2. OOD accuracy (%) using ViT-B/32 backbone at 16-shot.
Results are reported on ImageNet OOD variants.

Method ImageNet-A ImageNet-R ImageNet-S ImageNet-V2
Zero-shot CLIP 14.76 50.95 38.92 5291
Linear Probe 15.13 51.49 39.48 54.72
LoRA 10.28 42.16 36.76 54.51
TIP 14.64 50.56 38.62 52.00
LP++ 14.66 51.92 39.01 54.22
aTLAS 14.87 52.21 39.83 55.29
BOLT (ours) 15.88 53.85 41.26 55.69

backbone at 4- and 16-shot highlighting dataset-specific
performance. BOLT consistently ranks highest across di-
verse datasets in both general and remote-sensing domains,
confirming its strong adaptability across heterogeneous dis-
tributions.

5.3. OOD Robustness

We evaluate robustness under distribution shift using the
ViT-B/32 backbone with 16-shot supervision. All meth-
ods are trained on ImageNet [43] and then evaluated under
distribution shift on ImageNet-A [10], ImageNet-R [16],
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Table 3. TTA results on general-domain datasets, reporting accu-
racy (%) averaged over all datasets, where the best and second-best
methods are highlighted in bold and underlined, respectively.

Method ViT-B/32  ViT-B/16  ViT-L/14
Zero-shot CLIP 56.87 61.55 67.90
Layer Norm 62.68 67.63 74.08
aTLAS 56.87 61.56 67.92
BOLT (ours) 67.74 69.92 74.11

ImageNet-S (Sketch) [50], and ImageNet-V2 [42]. Ta-
ble 2 shows that BOLT delivers the strongest overall per-
formance, achieving the highest accuracy on all four OOD
datasets.

While linear probing remains a competitive baseline,
lightweight adaptation methods such as LP++ and TIP ex-
hibit notable degradation under these challenging shifts.
LoRA performs particularly poorly, likely due to its large
number of learnable parameters, which makes it more sus-
ceptible to overfitting in low-data OOD scenarios. In con-
trast, BOLT maintains stable accuracy across all bench-
marks, suggesting that its layer-wise spectral parameteri-
zation—derived from task vector subspaces—transfers ef-
fectively even when the input distribution changes sub-
stantially.  These results indicate that BOLT provides
strong OOD generalization without introducing heavy task-
specific modules or increasing model capacity.

5.4. Test-Time Adaptation (TTA)

We evaluate BOLT in a label-free test-time adaptation
(TTA) [30] setting using an offline transductive protocol.
Unlike strict streaming TTA, which requires single-pass se-
quential processing, we assume access to the full unlabeled
target split for stable optimization. We adopt a BOLT-
tailored variant of unsupervised FixMatch (UFM) [46]:
for each input, weak and strong augmentations are gener-
ated, sharpened pseudo-labels are produced from the weak
view with high-confidence predictions treated as fixed tar-
gets, and the remaining samples are optimized using a
confidence-masked consistency loss over a few epochs with
a cosine learning-rate schedule.

Table 3 reports the resulting TTA performance on
general-domain datasets for three CLIP backbones. Across
all backbones, BOLT consistently improves over the zero-
shot CLIP model and existing baselines, with the largest
gains on the smaller ViT-B/32 backbone, suggesting that
spectral diagonal adaptation helps compensate limited ca-
pacity by exploiting unlabeled target data more effectively.
Overall, coupling BOLT’s spectral basis with a UFM-style
objective yields strong label-free adaptation under distribu-
tion shift while keeping the encoder architecture fixed and
updating only low-dimensional spectral coefficients instead
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Figure 6. Ablation studies on spectral basis construction and
adaptation. (a) Accuracy vs. # rank r, showing that performance
saturates after a small subspace size. (b) Accuracy vs. # task vec-
tors used to build the shared basis, indicating that a compact yet
diverse set of sources suffices.

of introducing new task-specific modules.

5.5. Ablation Study

We study two factors in constructing the spectral basis: the
layer-wise rank 7 and the number of source task vectors. All
ablations use the 16-shot setting, average over three seeds,
and train only the diagonal spectral coefficients; source vec-
tors are selected at random.

Effect of the rank r. Using all source task vectors, we
vary the number of singular vectors kept per layer. As
shown in Figure 6a, all backbones benefit from increasing 7,
with the smaller ViT-B/32 showing the strongest sensitivity
at low ranks. Larger models (ViT-B/16, ViT-L/14) remain
stable even with small 7, and performance generally satu-
rates around 7 ~ 12.

Effect of the number of source task vectors. Fixing
r = 12, we vary the number of task vectors used to form
the basis. Figure 6b shows rapid gains when adding the first
few sources—again most pronounced for ViT-B/32—after
which performance plateaus as the subspace becomes suffi-
ciently well spanned.

6. Conclusion

We presented BOLT, a spectral adaptation framework that
constructs layer-wise orthogonal bases from task vectors
and adapts new tasks by learning only diagonal coefficients
in this shared subspace. This design removes the reliance
on any meta-training stage and instead provides a com-
pact, controllable update space grounded in task-informed
spectral coordinates. Empirically, BOLT delivers strong
few-shot performance, robust out-of-domain generaliza-
tion, and effective label-free test-time adaptation across
multiple CLIP backbones, consistently matching or sur-
passing strong parameter-efficient tuning baselines. These
results demonstrate that orthogonal, task-informed spectral
coordinates offer a simple and scalable mechanism for low-
parameter transfer in large pre-trained models.
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