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Abstract

Cross-Modality Prompt Transfer (CMPT) has
been explored to address the initialization insta-
bility and data scarcity challenges inherent in
prompt tuning. Its empirical success is typically
interpreted as the transfer of linguistic seman-
tics acquired during language-based prompt
pretraining. In this paper, we revisit this in-
terpretation and explore what actually transfers
when language-pretrained prompts are adapted
to the visual modality. Through controlled
empirical analyses, we show that transfer per-
formance does not consistently correlate with
source-task linguistic performance. Instead,
transferability is better explained by the geo-
metric priors of prompt vectors, particularly
stable rank and spatial direction relative to tar-
get features. To further validate this interpreta-
tion, we directly construct prompts with favor-
able geometry without relying on language pre-
training. The resulting prompts achieve com-
petitive transfer performance against language-
pretrained prompts across diverse visual tasks,
supporting prompt geometry as a stronger em-
pirical explanation of transferability.

1 Introduction

As the scale of pretrained Transformers (Vaswani
et al., 2017) continues to increase, finetuning them
on downstream tasks has become prohibitively ex-
pensive. Parameter-Efficient Transfer Learning
(PETL; Ding et al., 2023) has been explored to
mitigate this challenge. Among PETL methods,
prompt tuning (Lester et al., 2021) stands out for its
exceptional parameter efficiency and simplicity, as
it optimizes only a small set of vectors prepended to
the layer inputs. Despite its effectiveness, prompt
tuning is highly sensitive to initialization and of-
ten struggles when target tasks suffer from data
scarcity (Wang et al., 2024b; Su et al., 2022).

To address these limitations, prompt transfer (Vu
et al., 2022; Su et al., 2022; Asai et al., 2022)
pretrains soft prompts on a data-rich source task

and uses them to initialize prompts for a target
task. However, conventional prompt transfer as-
sumes that the source and target tasks share the
same modality, which limits its applicability when
no modality-compatible source task is available.
Cross-Modality Prompt Transfer (CMPT; Zhang
et al., 2025) relaxes this constraint by transfer-
ring prompts pretrained on language tasks to non-
language target tasks through learnable projectors,
achieving substantial improvements in data-scarce
settings. Despite its empirical success, the underly-
ing mechanism remains poorly understood.

Consistent with prior work, a natural interpreta-
tion of CMPT is that language-pretrained prompts
carry linguistic semantics that benefit the target task
(Zhang et al., 2025). In this paper, we revisit this in-
terpretation by asking which properties learned by
a soft prompt during language pretraining remain
useful after transfer to the visual modality. Through
controlled empirical studies, we observe a decou-
pling between source-task linguistic performance
and transfer performance: prompts with stronger
source performance do not necessarily transfer bet-
ter. These results suggest that source-task linguistic
performance alone does not reliably explain cross-
modality prompt transferability.

What, then, drives CMPT’s empirical success?
Our analysis identifies the geometric priors of
prompt vectors as a stronger empirical explana-
tion. Specifically, we identify two geometric de-
scriptors associated with transfer performance: (i)
stable rank, which reflects the directional diversity
and spectral spread of the prompt vectors; and (ii)
spatial direction, which captures the orientation of
prompt vectors relative to target features. Prompts
with higher stable rank and spatial directions biased
away from the dominant target-feature directions
tend to transfer more effectively.

This geometric insight suggests that language
pretraining is not the only way to obtain transfer-
able prompts. To further validate our analysis, we
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construct prompts directly from geometric priors.
The proposed paradigm, Geometric Prompt Initial-
ization (GPI), autonomously synthesizes prompts
with high stable rank and controlled spatial direc-
tion and then transfers them to visual tasks and
models through the standard CMPT projection-
transfer pipeline. GPI achieves competitive perfor-
mance against language-pretrained prompts with-
out requiring source prompt pretraining.

In summary, our contributions are: (1) We revisit
the semantic-transfer interpretation of CMPT and
show that source-task linguistic performance does
not reliably predict cross-modality transferabil-
ity, challenging the view that language-pretrained
prompts benefit visual tasks by carrying transfer-
able linguistic semantics. (2) We identify stable
rank and spatial direction as two geometric descrip-
tors that provide a stronger empirical explanation of
cross-modality prompt transferability. (3) We vali-
date this geometric insight via GPI, showing that
prompts constructed directly from geometric pri-
ors can compete with language-pretrained prompts
across diverse visual tasks. Together, these findings
support prompt geometry as a stronger empirical
explanation of transferability and offer an efficient
alternative for transferable prompt initialization.

2 Related Works

2.1 Prompt Tuning

Prompt tuning (Lester et al., 2021; Li and Liang,
2021; Wang et al., 2023) adapts pretrained Trans-
formers by optimizing only a small set of continu-
ous prompt vectors. Originally developed for lan-
guage models, prompt tuning has been extended to
the visual domain through Visual Prompt Tuning
(VPT; Jia et al., 2022), which prepends prompts to
the inputs of Vision Transformers (ViTs; Doso-
vitskiy et al., 2021). Subsequent methods im-
prove VPT from different perspectives: E?VPT
(Han et al., 2023) introduces learnable key-value
prompts into self-attention modules, VFPT (Zeng
et al., 2024) incorporates spatial and frequency do-
main information, and VAPT (Le et al., 2026) gen-
erates input-adaptive prompts from image features.
Prompt tuning has also been extended to pretrained
vision-language models such as CLIP (Radford
et al., 2021): MiraGe (Shi et al., 2025) adapts
CLIP’s text and image branches through multi-
modal prompts for generalizable Al-generated im-
age detection, while SCP (Wang et al., 2024a) up-
dates CLIP’s text prompts at test time to improve

zero-shot robustness under distribution shifts.

Prior work improves prompt tuning through ar-
chitectural redesigns (Shi and Lipani, 2024; Han
et al., 2023; Le et al., 2026) and target-side adapta-
tion strategies (Zeng et al., 2024). In contrast, our
work focuses on prompt initialization: We ask why
prompts pretrained on language tasks can benefit
target visual tasks. Rather than proposing another
VPT architecture, we analyze which properties of
language-pretrained prompts remain useful after
cross-modality transfer and show that their trans-
ferability is better explained by geometric priors.

2.2 Prompt Transfer

Prompt transfer seeks to alleviate the initialization
instability of prompt tuning by pretraining prompts
on data-rich source tasks and using them to ini-
tialize prompts for downstream tasks. SPoT (Vu
et al., 2022) demonstrated that prompt pretraining
can improve transfer across language tasks. Sub-
sequent work extended prompt transfer to cross-
model settings (Su et al., 2022), showing that pre-
trained prompts can remain effective even when
the source and target language models differ.

Cross-Modality Prompt Transfer (Zhang et al.,
2025) further extends prompt transfer across modal-
ities by adapting language-pretrained prompts to
another modality. Its empirical success moti-
vates the interpretation that linguistic semantics
acquired during source pretraining can benefit non-
text target tasks. Our work revisits this interpreta-
tion. Through controlled analyses, we show that
source linguistic performance does not reliably pre-
dict cross-modality transfer performance. Instead,
transferability is more strongly associated with ge-
ometric properties of the prompt vectors, particu-
larly stable rank and spatial direction relative to
target features. To further validate this interpreta-
tion, we construct prompts directly from these geo-
metric priors without relying on language pretrain-
ing. The resulting Geometric Prompt Initialization
(GPI) shows that prompts with favorable geome-
try can match or outperform language-pretrained
prompts under the same transfer pipeline.

3 Cross-Modality Prompt Transfer

CMPT (Zhang et al., 2025) alleviates the initializa-
tion instability and data scarcity issues of prompt
tuning by transferring prompts pretrained on data-
rich language tasks. It consists of two phases:

27816



Pretraining. A source prompt p; is pretrained
on a data-rich language task using a pretrained lan-
guage model h,. Here, p, € RN*NpXdn where
N;, Ny, and dj, denote the number of transformer
layers, the number of prompt vectors, and the hid-
den dimension of hg, respectively.

Transfer. The pretrained source prompt ps is
adapted to the target visual task and model h;
through NV; learnable linear projectors {P(i)}ivzll,
with the following objective:

20 =4 ([P, %))
70 = ([P, 2679]) )y

arg min £ (C(Z(Nl)), Yt)
(P}

where |-, -] denotes vector concatenation; hgl) and

pgl) denote the ¢-th layer of the target model and
the i-th layer of the source prompt, respectively;
Z( is the hidden state produced by the i-th target
layer; X; and Y; are the target inputs and labels;
and C denotes the learnable classification head.
This formulation raises the central question of
this paper: which properties of ps make it trans-
ferable from language to vision? A common inter-
pretation is that p; transfers linguistic semantics
acquired during language-based prompt pretraining.
In the following sections, we revisit this interpreta-
tion and demonstrate that the geometric priors of p;
provide a stronger empirical explanation of trans-
ferability than source-task linguistic performance.

4 Methodology

In this section, we conduct controlled analyses to
examine the relationship between transfer perfor-
mance and source-task linguistic performance. We
then show that transferability is better explained
by the prompt’s geometric priors, particularly sta-
ble rank and spatial direction. Finally, we validate
this geometric explanation by transferring prompts
constructed directly from these geometric priors.
Our analyses are conducted on six VTAB-1K
datasets (Zhai et al., 2019), spanning the natural,
specialized, and structured VTAB groups while
keeping the controlled analyses tractable. The
source prompts, each with V,, = 20, are pretrained
on SNLI (Bowman et al., 2015) using RoBERTa-
base (Liu et al., 2019) or GPT2-base (Radford et al.,
2019). The target model is a ViT-base (Dosovitskiy

et al., 2021) pretrained on ImageNet-21k (Deng
et al., 2009) with a supervised objective.

4.1 Linguistic Semantics

A common assumption in transfer learning and
prompt transfer is that transferability arises from
knowledge acquired during source pretraining
(Long et al., 2015; Vu et al., 2022). We use source-
task performance as an empirical proxy for the
amount of linguistic semantics acquired during
prompt pretraining. In CMPT, this assumption
implies that prompts with higher source-task per-
formance should also transfer more effectively to
target vision tasks. To test this hypothesis, we eval-
uate prompts pretrained using different fractions of
SNLI data and different training durations:

* E1 and E64: pretrained on 100% of SNLI for
1 and 64 epochs, respectively.

* E100 and E6400: pretrained on 1% of SNLI
for 100 and 6400 epochs, respectively.

By varying the amount of pretraining data, we vary
the linguistic supervision available to the prompts.
The 1% series receives substantially less linguis-
tic supervision and therefore reaches lower source
accuracy, while maintaining the same number of
gradient updates as the 100% series.

Figure la shows the transfer performance of
these prompts relative to their source performance.
It yields a key observation: Higher source accu-
racy does not reliably predict better transfer
performance. For example, although RoBERTa-
E6400 achieves the lowest source accuracy among
the RoBERTa prompts, it yields transfer perfor-
mance comparable to or better than the other
RoBERTa prompts. Similarly, GPT2-E6400 out-
performs GPT2-E64 on five of the six target tasks
despite having substantially lower source accu-
racy. Crucially, the RoOBERTa prompts with source
accuracy above 80% do not consistently outper-
form the prompt pretrained on random data, which
achieves only random-guess-level SNLI accuracy
(~ 33.3%). These results show that source-task
performance on SNLI is not a reliable predictor of
language-to-vision prompt transfer performance.

4.2 Geometric Priors

4.2.1 Stable Rank

Empirical Studies. The preceding finding moti-
vates us to examine whether language-pretrained
prompts are transferable due to their non-semantic
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Figure 1: (a) Transfer Performance vs. Source Performance: Source-task linguistic performance does not
consistently predict transfer performance. The horizontal line denotes the transfer performance of a prompt trained
with RoBERTa for 64 epochs on randomly generated tokens and labels, with the number of training samples matched
to that of SNLI. The r value denotes the Pearson correlation coefficient between the x and y axes, with larger values
indicating stronger correlation. (b) Transfer Performance vs. Prompt Stable Rank: Transfer performance is more

consistently correlated with prompt stable rank.

Norm |  Prompt Stb. Rank | CIFAR{5; DTDyo3; | Resisc45(55, EuroSAT (a4 | Kittijop; DmLabyogy
E1 2.38 81.14(5) 69.51(3) 84.41 3 96.40(2) 79.52(3) 47.343)
E1+Rank (E64) 6.53 81.77 ) 69.925) 84.645) 96.51¢) 79.71(5) 47.70(6)
7.85
E64 6.67 81.40(5) 70.35(7) 84.67 ) 96.58¢) 78.94 4 47.80(6)
E64+Rank (E1) 2.40 81.24(3) 69.59(1) 84.43(2) 96.45(2) 78.83(4) 47.02(2)
E1 2.38 81.45(3) 69.61(3) 84.56(0) 96.43(1) 79.15(2) 46.89(1)
E1+Rank (E64) 6.53 81.81(5) 69.845) 85.34s) 96.687) 79.824) 47.927)
31.08
E64 6.67 81.93(s) 70.056) 85.30¢g) 96.70(7) 78.99(5) 47.697)
E64+Rank(E1) 2.40 81.390) 69.83(9) 84.53(9) 96.44 1) 79.083) 47.14 1y

Table 1: Singular-value-swap analysis. We swap the singular values of E1 and E64, yielding E1+Rank (E64) and
E64+Rank (E1) while preserving the original singular vectors. The resulting prompts are further normalized to have
a uniform vector norm, set to the average norm of E1 (7.85) or E64 (31.08). The best result for each target task
is shown in bold. Each result is averaged across 8 seeds. (-) denotes the number of seed-level wins against the
rank-modified counterpart. {-} denotes the number of seed-level wins of Rank (E64) within each target task.

geometric properties. Petrov et al. (2024) showed
that a prompt’s ability to modify model outputs is
bounded by its rank. Motivated by this, we measure
the stable rank of pretrained prompts, defined as the
ratio between the sum of squared singular values
and the largest squared singular value (Rudelson
and Vershynin, 2007). Stable rank captures how
evenly the prompt energy is distributed across sin-
gular directions. We use it as a continuous proxy
for the algebraic rank. As shown in Figure 1b,
we observe a stronger correlation between transfer
performance and stable rank.

However, the prompts in Figure 1 differ not only
in stable rank, but also in other geometric prop-
erties, such as vector norm and subspace orien-
tation. Therefore, Figure 1b does not isolate the
effect of stable rank. To this end, we perform a
singular-value-swap analysis between E1 and E64,

both pretrained with RoOBERTa. Specifically, we
first swap their singular values to exchange their
spectral spread while preserving their orthogonal
bases. We then normalize the prompt vectors to
a uniform norm at each layer, using the average
layer-wise norm of either E1 or E64. As a result,
the modified prompts mainly differ in stable rank.

As shown in Table 1, higher stable rank gener-
ally leads to better transfer performance. When
stable rank is isolated as the primary variable, 23 of
24 pairs show that higher stable rank yields higher
target accuracy. At the seed level, 144 of 192 com-
parisons show that prompts with higher stable rank
outperform their lower-rank counterparts, yield-
ing a p-value of 1.22 x 10! under a one-sided
binomial sign test. Moreover, the best transfer per-
formance across all target tasks is achieved using
the stable rank of the E64 prompt.
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Theoretical Analysis. To formally ground these
observations, we provide a theoretical analysis
based on Petrov et al. (2024), who showed that
prepending prompt vectors is equivalent to adding
a bias term to the output of an attention block:

Op:@+ﬁp (2)

where O denotes the original output without
prompt tokens, 3, is the additive bias introduced by
the prompt vectors, and O, is the modified output.
Here, O, O, 3, € RNT*?r where N7 denotes the
number of input embeddings.

The i-th row of the bias matrix 3, denoted by BE,
is a weighted sum of the prompt vectors p projected
by the attention block’s value matrix Wy . The
weights are given by the attention scores A(-, )
computed between the i-th input embedding z* and
each prompt vector [p', p?, ..., p"¢]:

ZA

Extending Equation (3) to CMPT gives:

) x P’ Wy 3

ZA LplWe) x pPPWpWy (4)

where Wp is the weight matrix of the learnable lin-
ear prompt projector used in CMPT. The basic rank
product inequality implies that the expressiveness
of the bias term 3, is bounded by:

r(Wp), x(

where r(-) denotes matrix rank. In Equation (5),
r(Wy) is fixed because the pretrained Vision Trans-
former is frozen. By contrast, r(Wp) can evolve
during transfer because the projection matrix Wp
is learnable. Therefore, if the pretrained source
prompt p;s has a higher rank, the theoretical upper
bound on the dimensionality of the attention bias
Bp increases accordingly. This offers an interpre-
tation for why prompt matrices with greater stable
rank (the empirical proxy for measuring algebraic
rank in continuous space) are associated with better
transfer performance, as observed empirically in
Table 1. The full theoretical analysis is provided in
Appendix E.

r(psWpWy) < min(r(ps), Wy)) (5)

4.2.2 Spatial Direction

Stable rank captures the spectral spread of a prompt,
but it does not describe the absolute orientation of

prompt vectors in the target space. We therefore
introduce spatial direction to measure how prompt
vectors are oriented relative to target features.

We use the principal components (PCs) of tar-
get features as a reference frame, as they charac-
terize the dominant directions of the target data.
Specifically, we feed target data into the ViT,
extract layer-wise input embeddings, and apply
SVD to obtain the target-feature orthogonal bases
V; € RNixdnxdn Given a prompt ps, we compute
its Center of Mass (CoM) with respect to V;:

dp—1 Np (2)
CoM® = 3" L C”
k=0 Zk/ 1 Z
1 Qi .
CoM = , Z CoM® (6)
=1

where CQ(EZL denotes the entry in the z-th row and k-

th column of the squared cosine-similarity matrix
C0) = cos? (pgi) , Vt(i)) € RM»*dn The super-
script (7) denotes the i-th layer. The resulting CoM
lies in [0,d;, — 1] and indicates whether prompt
vectors align more with the leading target-feature
PCs (smaller) or with directions farther from the
leading PCs (larger). This scalar respects the or-
dered structure of target-feature PCs and provides
an interpretable measure of prompt orientation.
To isolate spatial direction as the sole indepen-
dent variable, we construct two comparison sets:

1. V(ET1) vs. V(E64): prompts constructed using
the right singular vectors of E1 and E64. This
set tests whether natural differences in prompt
orientation affect transfer performance.

2. V(TOP20) vs. V(BOT20): prompts constructed
using the top and bottom 20 PCs in V;. This
set magnifies the CoM discrepancy to further
validate our geometric hypothesis.

All synthesized prompts are scaled to match the
average layer-wise norm of the E64 prompt. Within
each comparison set, prompts have the same stable
rank and norm, leaving spatial direction (CoM) as
the only varying geometric factor. The transfer
results are reported in Table 2, from which two
observations can be made.

First, prompts with directions farther from the
dominant PCs (larger CoM) are generally more
transferable. The clearest evidence comes from
the controlled V(TOP20) vs. V(BOT20) compari-
son, where the CoM gap is manually enlarged. In

27819



|  CIFAR | DTD | Resisc45 |  EuroSAT | Kitti | DmLab
Prompt
‘ CoM Acc. ‘ CoM Acc. ‘ CoM Acc. ‘ CoM Acc. ‘ CoM Acc. ‘ CoM Acc.
V(E1) | 386.2 82.584 | 386.1 70.35) | 386.0 8533 | 385.6 96.73(, | 385.5 79.52;) | 386.0 46.88
V(E64) | 384.1 82.43(y | 3843 70.18(3) | 384.1 8520 | 3844 96.70(4 | 383.8 79.29(3) | 384.4 46.513)
V(TOP20) | 9.5 82213 | 95 69300 | 95 84793 | 95 9668 | 95 T9.01n) | 95  46.16(3
V(BOT20) | 757.5 82.38(5 | 757.5 70.57) | 757.5 8524 | 757.5 96.86() | 757.5 79.7507) | 7575 46.72)

Table 2: Transfer performance with respect to spatial direction (CoM). Each result is averaged over 8 seeds. (-)

denotes the number of seed-level wins.

this comparison, the higher-CoM prompt wins 36
of 48 seed-level comparisons (p = 3.6 x 107%),
providing strong evidence that directions farther
from the dominant target PCs benefit transfer. The
V(E1) vs. V(E64) comparison shows a similar
but weaker trend: since their CoM values differ
only slightly, the higher-CoM prompt wins 29 of
48 seed-level comparisons (p = 0.097), which
should be interpreted as suggestive rather than con-
clusive evidence. Aggregating both comparisons
gives 65 wins out of 96 seed-level comparisons
(p = 3.4 x 107%), supporting an overall positive
correlation between CoM and transferability.
Second, language pretraining slightly shifts
CoM toward a neutral state. V(E1) has a slightly
larger CoM than V(E64), whose CoM is close to
the neutral midpoint on every task (~ dh{ L
383.5). This suggests that language pretraining
tends to de-bias the prompt’s spatial direction, po-
tentially weakening its transferable orientation.

Overall, spatial direction provides complemen-
tary evidence for CMPT. Prompts that overlap heav-
ily with dominant target PCs may provide redun-
dant biases to the target model. By contrast, di-
rections farther from the dominant PCs can pro-
vide complementary signals. Lu et al. (2024) also
showed that constraining prompt updates to feature-
orthogonal directions can reduce interference in
continual learning. Together with the stable rank
analysis, these results suggest that the geometric
priors of the pretrained prompt provide a stronger
empirical explanation of transferability than source-
task linguistic performance.

4.3 Geometric Prompt Initialization

The preceding analyses suggest that the transfer-
ability of language-pretrained prompts is better ex-
plained by geometric priors than by source-task
linguistic performance. If it is correct, then lan-
guage pretraining should not be necessary for ob-
taining transferable prompts. Prompts constructed

directly with favorable geometry should also trans-
fer effectively. We validate this hypothesis through
Geometric Prompt Initialization (GPI), which syn-
thesizes prompts with high stable rank and a spatial
direction biased away from the target PCs.

To satisfy these two geometric conditions simul-
taneously, we treat the orthogonal basis of target
features at layer [, denoted by Vt(l), as a vector
pool. We then construct a matrix U, € RNp>dn
and generate the prompt for layer [ as UcV;(l). By
controlling the structure of U,, we control both the
spatial direction and the stable rank of the resulting
prompt matrix.

Controlling Spatial Direction. To bias the syn-
thesized prompt away from the dominant target-
feature directions, we first apply a Gaussian enve-
lope to a random matrix R ~ A (0,1) € RNpxdn;

. 2
U.= R®exp (-0.5 (‘;C> ) %)

envelope

where i = [0,1,...,d, — 1] denotes the vector
of principal component indices. ¢ controls the
coverage of the envelope and is set to dy/2. ¢
controls the center of the envelope and is set to
dp, — 1 to maximize the CoM.

The Gaussian envelope makes each synthesized
vector a continuous weighted combination of the
basis vectors in Vt(l). Unlike V(BOT20), which sim-
ply selects directions farthest from the leading PCs,
GPI makes the synthesized prompts more similar
to naturally pretrained representations, which also

0

exist as linear combinations within the V,*’ space.

Controlling Stable Rank. The matrix U, ob-
tained from Equation (7) is not guaranteed to have
high stable rank. We therefore enforce row orthog-
onality via Lowdin orthogonalization:

U,x, vl =svD(U,)

U =0vT (8)
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This produces the orthogonal matrix closest to the
enveloped matrix in Frobenius norm, increasing
spectral spread while approximately preserving the
intended spatial bias. The prompt at layer [ is then
computed as Uth(l). We repeat this procedure for
each target layer to obtain the final prompt. The
complete algorithm is provided in Algorithm 1.

Algorithm 1 Geometric Prompt Initialization
Input: Target task 7, target model h;
Output: Synthesized prompt p,
1: procedure GENERATE U.(c, 0)
2 Sample R ~ N(0,1) € RVpxdn
3: Apply Equations (7) and (8) to obtain U,
4
5

return U,
: end procedure

Obtain V; € RN Xdnxdn for T and hy
c+dp—1;0«dp/2

B

ps < {} > Initialize an empty list
for layer | = 0to N; — 1 do
10: Uc(l) < GENERATE U,(c, 0)

1: - p0 «— py®

12: Append p) to p

13: end for

14: return p, € RN Npxdn

Once the prompt is constructed, its magnitude
is scaled by multiplying prompt vectors at the i-th
layer by o - n\”), where n\") is the average norm of
target features at layer ¢, and « is selected by grid
search on the validation split. Finally, the norm-
scaled prompt is transferred to the target task using

projection transfer formulated in Equation (1).

5 Experiments

5.1 Experimental Setup

Target Datasets. We evaluate whether prompts
constructed from geometric priors can match or
exceed language-pretrained prompts within the
CMPT projection-transfer pipeline. Following
prior CMPT work, we use the VTAB-1K bench-
mark (Zhai et al., 2019), which contains 19 data-
scarce tasks grouped into three categories: (1)
Natural tasks, which contain images captured us-
ing standard cameras: CIFAR100 (Krizhevsky,
2009), Caltech101 (Li et al., 2004), DTD (Cim-
poi et al., 2014), Flowers102 (Nilsback and Zis-
serman, 2008), Pets (Parkhi et al., 2012), SVHN
(Netzer et al., 2011), and SUN397 (Xiao et al.,

2010); (2) Specialized tasks, which contain im-
ages captured using specialized equipment (e.g.,
medical or satellite imaging): Patch Camelyon
(Veeling et al., 2018), EuroSAT (Helber et al.,
2018), Resisc45 (Cheng et al., 2017), and Diabetic
Retinopathy (Dugas et al., 2015); and (3) Struc-
tured tasks, which require geometric understanding
(e.g., distance estimation or object counting): Clevr
(Johnson et al., 2017), DmLab (Zhai et al., 2019),
KITTI (Geiger et al., 2012), dSprites (Matthey
et al., 2017), and SmalINORB (LeCun et al., 2004).
This evaluation is designed to verify our central
claim: if CMPT is driven primarily by prompt ge-
ometry, then prompts constructed directly from ge-
ometric priors should transfer competitively against
language-pretrained prompts. VTAB-1K provides
a controlled, data-scarce, non-language testbed for
isolating the contribution of language pretraining.

Baselines. The key comparison is with CMPT-
Deep, to test whether language pretraining is nec-
essary when target geometric priors are available,
as GPI differs from CMPT-Deep only in prompt
initialization. We also compare against representa-
tive parameter-efficient transfer learning baselines:
(1) full finetuning (Full), which updates the en-
tire model; (2) classic parameter-efficient transfer
learning methods, including Bias (Rebuffi et al.,
2017) and Adapter (Houlsby et al., 2019); (3) Vi-
sual Prompt Tuning with a deep architecture (VPT-
Deep; Jia et al., 2022); and (4) recent deep visual
prompt-tuning methods, including E?VPT (Han
etal., 2023), VFPT (Zeng et al., 2024), and VAPT
(Le et al., 2026). All experiments use ViT-B/16
(Dosovitskiy et al., 2021) under three pretraining
objectives: supervised pretraining on ImageNet-
21k (Deng et al., 2009), and self-supervised pre-
training on ImageNet-1k using MAE (He et al.,,
2022) and MoCo v3 (Chen et al., 2021).

Hyperparameters. Each VTAB-1K training set
is split into 800 training and 200 validation sam-
ples for hyperparameter tuning. A grid search is
performed to determine the optimal learning rate,
weight decay, and norm scalar «. All models are
trained for 100 epochs with 3 seeds. The learn-
ing rate is warmed up over the first 10 epochs and
decayed to zero using a cosine annealing schedule.

Reproducibility. To ensure reproducibility, we
implement our method using the publicly available
deep learning framework PyTorch (Paszke et al.,
2019). We strictly adhere to PyTorch’s official
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Table 3: VTAB-1k Performance using a ViT-Base/16 backbone. {-} denotes the number of datasets within each
group. () refers to the number of wins compared to full finetuning (Full). [-] refers to the number of wins compared
to CMPT-Deep. GPI’s best results across all baselines are in bold.
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Figure 2: Ablation study on the spatial direction hyperparameters of GPI. The coverage o is varied in {20, 384, 768},
ranging from a narrow envelope to a broad envelope over the target-feature basis. The center c is set to either 0 ((J)
or 767 ([) to induce the maximum CoM discrepancy (CoM values are marked under the bar).

guidelines to fix random seeds and minimize non-
determinism. Our code is available at this link.

5.2 Results and Analysis

Overall Performance. Table 3 reports the over-
all performance. Across the three backbones, GPI
improves over CMPT-Deep by 0.46% on ViT-
Supervised, 1.98% on ViT-MAE, and 0.55% on
ViT-MoCo. GPI also outperforms CMPT-Deep on
48 of 57 tasks and in 121 of 171 seed-level compar-
isons, yielding a p-value of 2.81 x 108 (details are
provided in Appendix D.4). These results suggest
that language pretraining is not necessary for com-
petitive transfer, as prompts constructed directly
from geometry can exceed language-pretrained
prompts across diverse scenarios. Appendix F pro-
vides a GPU-time comparison between GPI and
SNLI pretraining, showing that GPI reduces the
GPU time by approximately 9000 x.

Ablation Study. We further ablate the two hyper-
parameters of GPI that control prompt spatial direc-
tion: the Gaussian width o and the center position c.
We vary o € {20,384, 768}, where o = 20 gives

the narrowest envelope because we use 20 prompt
vectors per layer, and 0 = 768 gives the widest en-
velope over the target-feature basis. We also vary
¢ € {0,dy, — 1} to induce the largest possible CoM
difference, corresponding to prompts biased toward
the leading and farthest target-feature PCs, respec-
tively. As shown in Figure 2, in the studied setting,
two observations can be made. First, larger CoM
consistently leads to better performance: under ev-
ery o value, setting ¢ = dp — 1 yields higher CoM
and better accuracy than setting ¢ = 0. Second,
GPI is not overly sensitive to the exact choice of
o. When ¢ = dj, — 1, performance remains sta-
ble across a wide range of ¢ values. These results
suggest that, in the studied setting, GPI mainly
requires a coarse directional bias away from the
dominant PCs, rather than precise tuning of the
spatial-direction hyperparameters.

Prompt Geometric Dynamics. Figure 3 shows
how the prompt geometry evolves during SNLI
prompt pretraining. We observe two trends: (i)
prompt stable rank increases steadily as pretrain-
ing proceeds, indicating that source optimization
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Figure 3: Evolution of prompt stable rank and CoM

offset during source prompt pretraining. The CoM offset

is computed as CoM — % using CIFAR as the target

task. A positive offset indicates that prompt vectors
are biased toward directions farther from the leading
target-feature PCs, whereas a negative offset indicates
stronger alignment with the leading PCs. The shaded
region denotes the standard deviation across layers.

gradually expands the spectral spread of the prompt
matrix; and (ii) the CoM offset progressively drifts
toward zero, regardless of whether the prompt starts
with a positive or negative spatial bias. This sug-
gests that language pretraining tends to neutralize
the spatial bias of prompts, driving their orientation
toward the center of the target-feature basis.
These dynamics provide additional insight
into why language-pretrained prompts are cross-
modality transferable. Language pretraining in-
directly reshapes prompt geometry by increasing
stable rank, which benefits transfer. However, it
also neutralizes directional bias, even though our
spatial-direction analysis shows that a bias away
from the dominant target PCs can be beneficial.
Thus, source pretraining can be interpreted as an
indirect and inefficient mechanism for producing
transferable prompt geometry: it increases stable
rank, but also drives spatial direction toward a neu-
tral, median orientation rather than preserving or
inducing the directional bias that benefits transfer.
In Appendix F, we provide a case study to further
examine how prompt geometry is shaped during
language-based prompt pretraining.

6 Conclusions

In this paper, we revisit what transfers when
language-pretrained prompts are adapted to the
visual modality through Cross-Modality Prompt

Transfer (CMPT). Our controlled analyses show
that, in the studied language-to-vision setting, trans-
fer performance does not consistently correlate
with source-task linguistic performance, while
prompt geometry, particularly stable rank and spa-
tial direction relative to target features, provides a
stronger empirical explanation. To further validate
this interpretation, we construct prompts directly
from these geometric priors, without relying on
language pretraining. The resulting paradigm, Ge-
ometric Prompt Initialization (GPI), achieves com-
petitive performance against language-pretrained
prompts across VTAB-1K tasks and ViT backbones
while eliminating the cost of prompt pretraining.
Together, these results support prompt geometry
as a stronger empirical explanation of language-to-
vision transferability and offer an efficient alterna-
tive for transferable prompt initialization.

Limitations

This work has several limitations. First, we use
source performance as a proxy for linguistic se-
mantics. This proxy may not capture all seman-
tics encoded in a prompt, so our results cannot
rule out every possible role of language pretraining.
Instead, they show that source-task performance
is not a reliable predictor of language-to-vision
transferability. Second, our experiments focus on
language-to-vision transfer. This setup does not
cover all possible cross-modality scenarios, but it
allows us to isolate the role of prompt geometry and
compare directly with existing baselines. Whether
the same geometric principles hold for other sce-
narios remains future work. Third, GPI removes
source prompt pretraining but still relies on target
feature statistics and validation-based norm selec-
tion. Thus, although it is cheaper than language
prompt pretraining, it is not fully data-free. Fourth,
our evidence supports prompt geometry within the
studied CMPT projection-transfer pipeline but does
not provide enough evidence to establish a pipeline-
independent conclusion. Finally, stable rank and
spatial direction may not capture all properties that
influence transferability. Future work could investi-
gate richer geometric or optimization-based expla-
nations of CMPT.
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Appendix

A Datasets

To obtain VTAB-1K, we use the script provided by
SPT (He et al., 2023) to download all datasets as
PNG images. The information for each dataset is
listed in Table 4.

Group | Dataset Classes Train Val  Test
CIFAR-100 100 10,000

Caltech101 102 6,084

DTD 47 1,880

Natural | Flowers102 102 800 200 6,149
Pets 37 3,669
SVHN 10 26,032
SUN397 397 21,750
Patch Camelyon 2 32,768

- EuroSAT 10 5,400
Specialized Resiscd5 45 800 200 6.300
Diabetic Retinopathy 5 42,670
DmLab 6 22,735

Kitti 4 711

SmalINORB_azi 18 12,150
SmalINORB_ele 9 12,150
Structured | o0 rites_loc 16 800 2000 530
dSprites_ori 16 73,728
Clevr_dist 6 15,000
Clevr_count 8 15,000

Table 4: Information on the VTAB-1K datasets. Dur-
ing hyperparameter search, the model is trained on the
800 training samples and evaluated on the 200 valida-
tion samples. During final training, the model is trained
on all 1000 training and validation samples and evalu-
ated on the test set.

For image preprocessing on VTAB-1K, we fol-
low the default settings and do not use any data
augmentation, except for the following standard
preprocessing steps:

1. Resizing images to 224 x 224;

2. Converting images to PyTorch tensors and
rescaling pixel values to [0, 1];

3. Normalizing images using the ImageNet
mean and standard deviation values:
mean = (0.485,0.456,0.406) and
std = (0.229,0.224, 0.225).

B Source Prompt Pretraining

The source prompt is pretrained on SNLI using
either a pretrained RoBERTa-base or GPT2-base
language model.

Input Embedding Formats. Each SNLI sample
contains two sentences. For prompt tuning with
RoBERTa-base, we use the following input embed-
ding structure:

[Prompt, MASK, CLS, S1, SEP, S2, SEP]

For prompt tuning with GPT2-base, we use the
following input embedding structure:

[Prompt, S1, S2]

where MASK, CLS, and SEP denote the special
tokens of the ROBERTa tokenizer, and S1 and S2
denote the two sentences in an SNLI sample. Po-
sitional embeddings are added to all input embed-
dings except the prompt embeddings.

Output Feature Pooling. For RoBERTa, we take
the last-layer hidden-state vector corresponding
to the MASK token and pass it to the pretrained
language modeling head to obtain the logits. For
GPT2, we take the final hidden-state vector from
the last layer and pass it to the pretrained language
modeling head to obtain the logits.

Hyperparameters. The hyperparameters for pre-
training the source prompt on SNLI are listed in
Table 5.

Epochs LR LR Decay? LR Warm-Up WD Batch Size
64 0.001 No 0 0 16

Table 5: Hyperparameters for prompt pretraining.

C Target Prompt Transfer

Input Embedding Formats. In our experiments,
we use a uniform prompt length of 20 and adopt
the following input embedding format:

[CLS, Prompt, Image]

Similarly, positional embeddings are added to all
input embeddings except the prompt embeddings.

Output Feature Pooling. For ViT-supervised
and ViT-MoCo, we use [CLS] pooling: the last-
layer hidden-state vector corresponding to the CLS
token is passed to the classification head. For ViT-
MAE, we average all last-layer hidden-state vectors
except the one corresponding to the CLS token, and
pass the averaged vector to the classification head.

D Technical Details
D.1 Figure 1

Details of the prompts shown in Figure 1 are listed
in Table 6. SNLI Acc. denotes the source accuracy
of each prompt. Stb. Rank denotes the stable rank
of each prompt, aggregated across all layers. For
each prompt, the first row reports the mean target
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accuracy, and the second row reports the standard
deviation.

D.2 Statistical Significance of Table 1

We evaluate whether the advantage of higher stable
rank is statistically reliable at the seed level. For
each target dataset, we compare prompts that share
the same singular vectors and norm but differ in
their singular-value profile: E1 vs. E1+Rank (E64)
and E64 vs. E64+Rank (E1) under both norm set-
tings. Since each comparison is repeated across
8 seeds, this yields 2 x 2 x 8 = 32 paired com-
parisons per dataset and 192 paired comparisons
in total. As shown in Table 1, prompts equipped
with the higher-rank singular-value profile of E64
win 144 out of 192 seed-level comparisons. Under
the null hypothesis that higher-rank and lower-rank
prompts are equally likely to win, a one-sided bi-
nomial sign test gives p = 1.22 x 107'2. This
provides strong evidence that the improvement is
not due to random seed variation. The trend is
also consistent across individual datasets, with the
higher-rank profile winning 24/32 comparisons on
CIFAR, 23/32 on DTD, 25/32 on Resisc45, 26/32
on EuroSAT, 20/32 on Kitti, and 26/32 on DmLab.
These results support our claim that stable rank is
an independent geometric factor associated with
stronger cross-modality prompt transferability.

D.3 Statistical Significance of Table 2

We assess whether the advantage of larger CoM
is statistically reliable at the seed level. For each
dataset, we compare two pairs of prompts whose
main difference lies in spatial direction: V(ET)
vs. V(E64) and V(TOP20) vs. V(BOT20). Each
comparison is repeated across 8 seeds, yielding
48 paired comparisons for each prompt pair and
96 paired comparisons in total. As shown in Ta-
ble 2, the higher-CoM prompt wins 29 out of 48
comparisons in V(E1) vs. V(E64) and 36 out of
48 comparisons in V(TOP20) vs. V(B0T20). Ag-
gregating both comparison sets, the higher-CoM
prompt wins 65 out of 96 seed-level comparisons.
Under the null hypothesis that higher-CoM and
lower-CoM prompts are equally likely to win, a
one-sided binomial sign test gives p = 3.37 x 10~%,
This result indicates that the benefit of larger CoM
is statistically significant and not merely due to
random seed variation. Notably, the stronger sig-
nificance in V(TOP20) vs. V(BOT20) (36/48 wins,
p = 3.59 x 10~%) suggests that the effect becomes
clearer when the spatial-direction gap is larger.

These results support our claim that prompts bi-
ased farther away from the dominant target-feature
PCs tend to provide more effective cross-modality
initialization.

D.4 Per-Task Results of Table 3

The per-task hyperparameters of GPI are listed in
Table 7. The number of prompt vectors per layer
is universally set as 20 across all scenarios. We
do not use any prompt dropouts and set the value
of drop path rate as O across all scenarios. The
per-task target results of GPI and CMPT are listed
in Table 8.

Statistical Significance. To assess whether the
improvements of GPI over CMPT-Deep are consis-
tent beyond average accuracy, we conduct a seed-
level paired comparison across all VTAB-1K tasks
and backbone settings. Each task is evaluated with
three random seeds, yielding 19 x 3 x 3 = 171
paired comparisons in total. As shown by the
superscripts in Table 8, GPI outperforms CMPT-
Deep in 121 out of 171 seed-level comparisons.
A one-sided binomial sign test under the null hy-
pothesis that GPI and CMPT-Deep are equally
likely to win gives p = 2.81 x 1078, indicating
that the advantage of GPI is statistically signif-
icant. The trend is also consistent within each
backbone: GPI wins 43/57 comparisons on ViT-
Supervised (p = 7.69 x 107°), 42/57 on ViT-
MAE (p = 2.3 x 10~%), and 36/57 on ViT-MoCo
(p = 0.031). These results confirm that the effec-
tiveness of GPI is not driven by isolated datasets
or random-seed variation, but reflects a robust
advantage of geometry-based initialization over
language-pretrained prompt transfer.

E Theoretical Analysis

In this section, we provide a theoretical interpreta-
tion of why prompt stable rank is associated with
cross-modality transferability. Our analysis builds
on the formulation of Petrov et al. (2024), which
shows that prepended prompt vectors primarily in-
fluence an attention layer by introducing an addi-
tive bias term to the attention output. We adapt this
formulation to CMPT and show that the expressive
capacity of this bias is bounded by the rank of the
pretrained prompt. For simplicity, we analyze a
single-head attention layer and omit the layer in-
dex. The same argument applies independently to
each layer in deep prompt transfer.
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Model Prompt SNLI Acc. | CIFAR DTD | Resisc45 EuroSAT | Kitti DmLab
E1 86.89 81.24  69.60 84.37 96.40 79.37  46.63
0.40 0.52 0.48 0.16 0.59 0.37
E64 90.57 81.75 70.13 85.20 96.57 79.79  47.82
0.40 0.37 0.41 0.15 1.09 0.73
RoBERTa
E100 83.97 81.36  69.75 84.49 96.49 78.53  46.95
0.50 0.55 0.45 0.13 0.24 0.56
E6400 83.33 81.81 70.25 85.12 96.68 79.61 4795
0.36 0.51 0.32 0.14 0.40 0.78
E1 56.89 81.76  69.09 82.73 96.26 7834 45.64
0.11 0.54 1.32 0.15 0.20 0.59
E64 85.54 8193 70.25 85.12 96.40 79.65 47.37
0.06 0.03 0.51 0.07 1.06 0.75
GPT2
E100 59.11 81.70  68.99 83.61 96.35 7797  46.67
0.69 0.16 0.35 0.09 0.84 0.40
E6400 67.86 82.29  70.30 85.34 96.58 79.42  47.68
0.02 0.27 0.50 0.07 0.54 0.68

Table 6: Details of Figure 1.

E.1 Prompt-Induced Bias in Attention

Let the original input embeddings be X =
(2!, 2%,...,2N7] € RN2Xdn where N7 denotes
the number of input tokens and d}, is the hidden
dimension. For a single-head attention layer with
query, key, and value projection matrices Wq, W,
and Wy, the attention weight from token z* to to-
ken " is

@ WQ) (@ W) T

AR
A(:L” - ) N Z%zzl e(@WQ) (zmWi) T ©)
The corresponding output for the ¢-th token is
Nz
0; = ZA(x’,a:T)xTWV (10)
r=1

After prepending a prompt matrix p =
[p',p?,...,pNr] € RNeXdn  the attention layer
operates on [p, X |. We focus on the outputs corre-
sponding to the original input tokens, since prompt-
token outputs are discarded in deep prompt tuning.
The output for token 2* becomes

Nz
o = Z Ayt 2" Wy +
r=1

NP
> Ay P Wy (11)
j=1

where A, (-, ) denotes attention weights normal-
ized over both prompt and input tokens. Equa-

tion (11) can be written as

where 0; denotes the reweighted contribution from
the original input tokens, and

01;:51‘4-5;

Np
B = Ay(a’,p)p Wy (13)
j=1

is the additive bias induced by the prompt vec-
tors. Thus, the prompt modifies the attention output
through directions lying in the span of the projected
prompt vectors {p? Wy };V:”I

E.2 Implication for CMPT

In CMPT, the source prompt p; is not directly in-
serted into the target model. Instead, it is first
mapped into the target hidden space by a learn-
able linear projector with weight matrix Wp. The
prompt-induced bias in Equation (13) therefore be-
comes

NP
Benpr = 3 Ap(@’, piWp) pPIWpWy  (14)
j=1

Equivalently, the bias vectors produced across all
input tokens lie in the row space of

psWpWy (15)
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| ViT Supervised | ViT MAE | ViT MoCo v3
Task |BS O LR WD o [BS O LR WD a |[BS O LR WD o«
Caltech101 64 Adam 0005 0001 05 | 64 AdamW 0.5 0.1 1 | 64 Adam 001 00001 1
CIFAR 64 Adam 0005 0001 075| 64 AdamW 0.5 02 1 |64 Adam 001 00001 1
DTD 64 Adam 001 0001 1 |64 AdamW  0.001 0 1 | 64 Adam 002 00001 1
Flowers102 64 Adam 0005 0001 1 |64 AdamW 0.0005 0.0001 05 | 64 Adam 005 0 1
Pets 64 Adam 001 0001 1 |64 AdamW 00005 0.1 1 | 64 Adam 005 00002 1
SUN397 64 Adam 001 0001 1 |64 AdamW 0.5 0.1 025|64 Adam 001 00001 1
SVHN 4 Adam 05 0 05|64 AdamW 0.0001 0  025|64 Adam 0005 00001 1
Patch Camelyon 64 Adam 0.001 0.0001 0.75 | 64 AdamW 0.0005 0 0.25 | 64 Adam 0.001 0.001 1
Resisc45 64 Adam 001 0001 15 | 64 AdamW 0.0005 0001 025| 64 Adam 005 00001 1.5
EuroSAT 64 Adam 001 0001 075 |64 AdamW 00005 00001 025| 64 Adam 005 00001 1
Diabetic Retinopathy | 64 Adam 0.0005 0 05 | 64 AdamW 0.0001  0.] I |64 Adam 0005 0 025
DmLab 64 Adam 0001 001 05 |64 AdamW 001 001 1 |64 Adam 0005 0001 1
Kitti 64 Adam 0.0005 0.1 1 | 64 AdamW 00005 0.1 I | 64 Adam 0001 001 1
SmalINORB_azi 64 Adam 0.0005 0.0001 025| 64 AdamW 0.00005 001 025| 64 Adam 0.1 0 025
SmallNORB_ele 64 Adam 00002 0. 075| 64 AdamW 000005 0.  025| 64 Adam 0001 0 1
dSprites_loc 64 Adam 0001 0 I | 16 AdamW 000005 001 1 |64 Adam 0001 00001 I
dSprites_ori 64 Adam 0.0005 00001 05 | 16 AdamW 000005 001 05 | 64 Adam 005 0 1
Clevr_dist 64 Adam 00005 0.1 0.1 | 64 AdamW 00001 0.1 0.1 | 64 Adam 0001 0 L5
Clevr_count 64 Adam 00005 00001 0.1 | 64 AdamW 00001 0001 1 |64 Adam 0.001 00001 1

Table 7: Hyperparameters of GPIL. BS, O, LR, and WD stand for batch size, optimizer, learning rate, and weight
decay values, respectively. « denotes the prompt norm scaler.

Therefore, the dimensionality of the additive bias
subspace is bounded by the standard rank product
inequality:

r(psWpWy) <

min(r(ps), r(Wp), r(Wy)) (16)

where r(-) denotes matrix rank.

This bound provides a theoretical explanation
for the empirical importance of prompt stable rank.
The value matrix Wy is fixed because the pre-
trained target Transformer remains frozen during
transfer. The projector Wp is learnable, but it can
only transform the subspace already spanned by
the source prompt ps. Consequently, if ps has lim-
ited rank or is dominated by only a few singular
directions, the resulting attention bias is restricted
to a low-dimensional subspace, limiting the range
of output modifications available to the prompt.
By contrast, a prompt matrix with greater spectral
spread provides a richer set of directions before
projection, increasing the effective dimensionality
of the bias subspace that CMPT can exploit.

Although Equation (16) is stated in terms of al-
gebraic rank, our empirical stable-rank measure
serves as a continuous proxy for this usable sub-
space dimensionality. A prompt with low stable
rank may be formally full-rank but still behave
like a low-dimensional prompt because most of
its spectral mass is concentrated in a small num-
ber of directions. This explains why prompts with
higher stable rank tend to yield stronger transfer

performance in Table 1: they allow the transferred
prompt to bias the target attention layer along a
more diverse set of directions.

F Discussions

What Shapes the Prompt Geometry? To better
understand what shapes prompt geometry during
language-based prompt pretraining, we conduct a
case study by pretraining prompts under 5 different
source-side policies detailed in Table 9.

Policy Data Backbone  Embedding
100%-SNLI Full SNLI  Pretrained Pretrained
Rand. Data Random Pretrained Pretrained
Rand. Data & Model Random  Randomized Randomized
Rand. Data & Backbone Random  Randomized  Pretrained
Rand. Data & Embedding Random Pretrained  Randomized

Table 9: Source-side pretraining policies used to ana-
lyze what shapes prompt geometry. Under each policy,
the prompt is pretrained with RoBERTa for 64 epochs.
“Backbone” and “Embedding” denote the corresponding
modules of ROBERTa.

Figure 4 shows the geometric dynamics of
prompts under these pretraining policies. Two ob-
servations can be made: First, the increase in stable
rank depends on both real language data and the
pretrained language model. When the data is ran-
domized, stable rank can only reach below 4 rather
than nearly 7 as in 100 %—-SNLI. When the model
is fully randomized, or when only the backbone
is randomized, stable rank further decreases and
remains around 1.5. This suggests that both real
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Natural Specialized Structured
H S 2
£ : 3
_ - S > 9 = =
S 5 = E v e % g g < < 2 g
5 g 5 oz ) °© 3 3 & ) § -~ Z £z & & g g )
£ £ g : 5 & E $|3 ¢ & £ ¢35 E EF F E E : 53 ¢
S © a = & & & z £ 2 4 & K a2 £ & & £ 2 S © =
Full | 877 689 643 972 869 388 874 7588 | 797 842 957 739 8336 | 41.7 655 257 29.1 575 467 586 563  47.64
SUP | CMPT-Deep | 91.1 818 70.1 986 90.1 529 856 8146 | 839 852 966 758 8537 | 478 798 31.1 437 89.1 538 622 775 60.63
0.15 0.40 0.37 0.08 0.13 0.84 0.24 0.54 0.41 0.19 0.26 0.89 1.33 0.21 1.40 1.39 1.47 0.44 0.49
GPI | 91.6° 82.7° 71.0° 98.7° 90.0> 54.0° 8582 81.96'% | 84.12 855% 969> 75.6' 85.53%|48.4% 803° 32.0° 44.6° 89.6° 55.0% 624> 773" 61.19'7
0.28 0.17 0.24 0.07 0.13 0.29 0.05 0.54 0.24 0.19 0.08 0.01 0.14 0.81 0.96 1.44 0.52 0.27 0.09
Full | 842 246 569 727 744 158 866 5931 | 81.8 723 940 70.6 79.68 | 452 753 302 330 725 475 598 670 53.82
MAE | CMPT-Deep | 809 322 590 733 503 166 765 5554 | 861 711 939 745 8137 | 429 820 204 23.1 839 434 616 762 5418
6.94 0.94 1.53 0.70 19.99 1.54 1.05 0.91 2.10 1.23 0.26 2.83 1.07 1.33 6.18 3.30 1.58 1.78 2.11
GPI | 8557 28.1° 60.5° 74.3° 60.4% 18.8% 77.5% 57.89% | 86.0' 73.1% 953 74.9% 8234° | 414" 8337 206° 33.3% 86.9° 450° 62.9° 77.4% 56.35'8
0.69 4.18 0.43 1.03 12.92 1.16 0.17 0.22 1.21 0.26 0.07 1.21 0.14 1.76 6.27 0.82 4.55 0.58 1.51
Full | 91.0 576 646 916 799 291 89.8 7194 | 851 831 964 742 8470 | 446 779 315 369 638 490 569 552 5198
MoCo | CMPT-Deep | 91.8 764 708 926 89.5 40.6 857 7818 | 863 855 969 758 8613 | 49.0 825 284 443 854 523 638 799  60.69
0.22 0.14 0.11 0.09 0.26 1.41 0.53 0.26 0.04 0.29 0.31 0.27 0.21 0.77 2.61 1.60 1.23 0.32 1.53
GPI | 92.0* 76.6° 70.9% 9277 89.5' 4137 86.5' 78.50'% | 86.8° 85.6° 97.0' 75.6' 86.257 | 48.9' 83.1° 29.5% 45.6° 874> 54.0° 633° 81.3° 61.65'7
0.12 0.10 0.22 0.07 0.21 0.23 0.30 0.61 0.04 0.11 0.40 0.57 0.20 1.31 1.06 247 0.52 0.03 0.64

Table 8: Detailed results on VTAB-1K across three ViT-B/16 backbones. All results are averaged over three
random seeds (42, 44, and 100); the smaller superscripts below each score denote the standard deviation across
seeds. Superscripts on GPI scores denote the number of seed-level wins over CMPT-Deep.
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Figure 4: Geometric dynamics of prompts under different source pretraining policies. We track prompt stable rank

and CoM offset across source pretraining epochs. The CoM offset is computed as CoM —

dp—1

using CIFAR as the

target task. A positive offset indicates that prompt vectors are biased toward directions farther from the leading
target-feature PCs, whereas a negative offset indicates stronger alignment with the leading PCs. The shaded region

denotes the standard deviation across layers.

text data and the pretrained language backbone con-
tribute to shaping the spectral diversity of prompts.

Second, the evolution of spatial direction is less
straightforward. We observe a biased CoM offset
at epoch 64 for Rand. Data and Rand. Data
& Embedding, but a near-neutral CoM for Rand.
Data & Model and Rand. Data & Backbone,
where the model backbone is randomized. This
pattern suggests that the pretrained backbone may
also influence directional drift, but the evidence is
less conclusive than for stable rank. We therefore
avoid attributing the evolution of spatial direction
to a specific source-side factor.

Finally, we transfer the E64 prompts obtained
under these policies and report the results in Ta-
ble 10. The results further support our main ar-

Setting CIFAR
100%-SNLI 81.75
Rand. Data 82.15
Rand. Data & Model 81.28
Rand. Data & Backbone 81.46
Rand. Data & Embedding 82.05

Table 10: Transfer performance of E64 prompts pre-
trained under different source-side policies. All prompts
are transferred to ViT-Supervised.

gument. Prompts pretrained on random data with
a pretrained RoBERTa backbone achieve perfor-
mance slightly higher than prompts pretrained on
full SNLI. This indicates that task-specific linguis-
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tic supervision is not necessary for producing trans-
ferable prompts. However, when the pretrained
backbone is randomized, performance decreases,
as shown by both Rand. Data & Model and Rand.
Data & Backbone. This is consistent with the geo-
metric dynamics in Figure 4, where the stable rank
remains below 3 when the backbone is random-
ized. Together, these results suggest that linguistic
resources, including real text data and pretrained
language models, can help shape prompt geome-
try, particularly stable rank, but they are neither
an efficient nor a necessary route to transferable
prompts.

Initialization Transfer without a Projector. To
test whether GPI’s advantage depends on projection
transfer, we remove the source-to-target projector
and directly initialize the learnable target prompt
with either RoBERTa-E64 or GPI. We compare
this direct-initialization setting with the original
projection-transfer pipeline on five VTAB-1K tasks
using ViT-Supervised. The results are reported in
Table 11.

Under direct initialization, E64 and GPI obtain
five-task averages of 83.59 and 83.62, respectively;
GPI improves by only +0.03 points and wins 10
of 15 seed-level comparisons. Under projection
transfer, the corresponding averages are 82.70 and
83.31, giving GPI a +0.61-point gain and 13 of
15 wins. Thus, GPI remains a competitive di-
rect target-prompt initialization, but its advantage
is substantially stronger within the conventional
projection-transfer pipeline.

Prompt-Length Ablation. We examine whether
the directional prior remains effective as prompt
length changes on CIFAR with ViT-Supervised.
The results are reported in Table 12. We compare
prompts centered on the leading target-feature di-
rection (¢ = 0) with prompts centered away from it
(c = dp—1)for N, € {10, 20, 50}. The directional
margin is Ag, = Acc(c =dp — 1) — Ace(e = 0).

For N,, € {10,20}, ¢ = dj, — 1 has a positive
mean margin over ¢ = 0O for every tested o, ranging
from +0.07 to +0.43 points. For N, = 50, the
margins become negligible (+0.05, +0.05, and
—0.07). One possible explanation is that direction
matters more when shorter prompts span a limited
initialized subspace, whereas longer prompts can
cover more directions and become less sensitive to
the coarse directional choice.

Efficiency Analysis. GPI provides a substantial
efficiency advantage over language-based prompt
pretraining. In our implementation, pretraining a
source prompt on SNLI takes approximately 1700
GPU seconds per epoch, measured on an NVIDIA
RTX A5500 24GB GPU. With the standard 64-
epoch pretraining schedule, this amounts to about
108,800 GPU seconds, or roughly 30.2 GPU hours,
for obtaining a language-pretrained prompt. By
contrast, GPI only requires extracting target fea-
tures, performing SVD to obtain the target-feature
basis, and applying the Gaussian-envelope con-
struction, which takes approximately 12 GPU sec-
onds in total. This corresponds to more than a
9,000 x reduction in initialization cost. Therefore,
GPI not only supports our geometric interpretation
of CMPT, but also provides a much cheaper way to
transferable prompt initialization.

Geometry as the Interface. The contrast be-
tween source linguistic performance and prompt
geometry provides an insightful perspective on why
CMPT works. When language and vision are ex-
plicitly aligned in a shared representation space, lin-
guistic semantics can benefit visual tasks. Recent
studies on cross-modally aligned vision-language
models (Peng et al., 2026, 2025) demonstrate that
textual semantics can be leveraged alongside vi-
sual representations to improve downstream image
clustering. CMPT, however, differs fundamentally
from this setting: source prompts are learned with
an independently pretrained language model and
then mapped to an independently pretrained vi-
sion model, without an explicitly aligned semantic
space. Consequently, the preservation of source-
side linguistic semantics after cross-modality pro-
jection cannot be assumed. By contrast, geometric
properties such as spectral spread and spatial orien-
tation are defined directly in representation space
and are less tied to a specific source task or modal-
ity. From this perspective, CMPT can be better
understood as transferring an initialization geom-
etry that determines how flexibly the prompt can
bias the target model, rather than necessarily trans-
ferring linguistic semantics themselves. This in-
terpretation helps explain why language-pretrained
prompts can benefit visual adaptation even when
their source linguistic performance is not predictive
of target performance.

Implications for Prompt Initialization. The
success of GPI further suggests that source prompt
pretraining is not the only way to obtain transfer-
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Pipeline Task E64 GPI A GPI Wins

CIFAR 81.80 £0.40 82.73+£0.17 +0.93 3/3

DTD 70.10 £ 0.37 71.03+£0.24 +40.93 3/3

Projection RESISC45 85.20£0.41 85.53+0.24 +0.33 3/3
EuroSAT  96.60 £0.19 96.92+0.19 +0.32 2/3

KITTI 79.80 £1.33 80.32£0.14 +0.52 2/3

CIFAR 83.29£0.11 83.50+0.31 +0.21 2/3

DTD 71.76 £0.35 71.74£0.13 —-0.02 2/3

Direct initialization RESISC45 86.23 £0.32 86.16 £0.21 —0.07 2/3
EuroSAT 9691 +£0.13 96.80+0.31 —0.11 2/3

KITTI 79.75£1.29 79.89+£0.37 +40.14 2/3

Table 11: Projection transfer versus direct target-prompt initialization. Both settings use 20 prompt vectors per
layer. A denotes GPI minus E64, and GPI Wins reports seed-level wins.

Np g c=0 C:dh—l Adir
10 82.92 83.20 +0.28
10 384 82.83 83.26 +0.43
768  83.26 83.36 +0.10
20 82.37 82.67 +0.30
20 384 82.57 82.68 +0.11
768  82.58 82.65 +0.07
50 82.83 82.88 +0.05
50 384 82.98 83.03 +0.05
768 82.93 82.86 —0.07

Table 12: Prompt-length ablation of GPI’s directional
prior on CIFAR with ViT-Supervised.

able prompts. If the main transferable properties
are geometric, then they can be constructed directly
rather than learned through language pretraining.
This shifts the role of source pretraining from a nec-
essary semantic learning stage to an expensive pro-
cedure that happens to produce useful prompt ge-
ometry. Such a perspective opens a simpler design
space for prompt initialization: instead of search-
ing for better source tasks or larger source models,
one can directly initialize prompts with favorable
rank and target-aware spatial orientation.
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clarity, grammar, and readability of the manuscript.
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H Artifact Use and Licenses

We use all external artifacts in accordance with
their intended research and evaluation purposes.
SNLI is accessed through Hugging Face and is li-
censed under CC BY-SA 4.0. GPT-2 and RoBERTa
are also accessed through Hugging Face and are re-
leased under MIT licenses. VTAB-1K is obtained
through the Google Research task_adaptation
repository, which is released under Apache-2.0.
The ViT backbones are obtained from timm; the
timm codebase is licensed under Apache-2.0, while
pretrained weights may be subject to the terms of
their original training datasets. Our use of these arti-
facts is limited to research experimentation, prompt
pretraining, feature extraction, and downstream
evaluation, which is consistent with their intended
research use.

I Artifact Documentation

We use SNLI to pretrain source prompts, VTAB-1K
for target evaluation, and GPT-2, RoBERTa, and
ViT as pretrained model artifacts. SNLI is an En-
glish natural language inference dataset consisting
of sentence pairs labeled as entailment, contradic-
tion, or neutral, and is used only to pretrain source
prompts in the language modality. VTAB-1K is a
visual adaptation benchmark covering natural, spe-
cialized, and structured visual tasks; we use it as
a controlled non-language testbed for evaluating
cross-modality prompt transfer under data-scarce
conditions. GPT-2 and RoBERTa are English pre-
trained language models used for source prompt
pretraining, while ViT backbones from timm are
used as target visual models.
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