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Abstract. Visual Prompting (VP) has emerged as a parameter-efficient
paradigm for adapting pre-trained models to downstream tasks. While
existing VP methods predominantly operate in the input space, extend-
ing VP to deep activations confronts a fundamental Capacity-Integrity
Paradox: increasing prompt capacity for better task adaptation inevitably
triggers a parameter explosion and severe semantic disruption, where
deep prompts override pre-trained representations. To strike a delicate
tradeoff within this Capacity-Integrity Paradox, we conducted a series of
preliminary experiments. Interestingly, these experiments reveal a strong
correlation among prompt channels: applying shared prompts across
grouped channels not only drastically reduces parameters but also im-
proves performance. Motivated by this structural correlation and the
need to systematically master the tradeoff, we propose Low-Rank Ten-
sor Visual Prompting (LoTeP). By modeling deep prompts as low-rank
tensors, LoTeP elegantly achieves extreme parameter compression. Con-
currently, it enables precise control over the prompt capacity via layer-
wise rank decaying, effectively preserving the semantic integrity of deep
activations. Extensive experiments demonstrate the superior generality,
effectiveness, and efficiency of our approach. Overall, LoTeP consistently
outperforms the state-of-the-art LoR-VP by an average margin of over
2.5% across all evaluated scenarios, while adding less than 0.1% of the
backbone parameters over the LoR-VP baseline.

Keywords: Visual Prompting - Tensor Decomposition - Visual Model
Adaptation

1 Introduction

In recent years, fine-tuning pre-trained large models for downstream tasks has
demonstrated formidable capabilities in Natural Language Processing (NLP)
[525] and Computer Vision (CV) [12,36]. To circumvent the prohibitive compu-
tational costs of full fine-tuning, prompt learning was introduced as a parameter-
efficient alternative in NLP [24]26]. Inspired by this success, Visual Prompting
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Fig. 1: Motivation and superiority of LoTeP. (a) CKA similarity of intermediate fea-
tures across blocks for ResNet-50 and ViT-B/16. LoR-VP suffers from signal attenua-
tion: its deep features remain excessively close to the pre-trained backbone rather than
the full fine-tuned (FT) oracle, indicating insufficient task adaptation. Deep LoR-VP
causes severe semantic disruption, indicated by a sharp drop in CKA similarity. By
leveraging rank-decaying, our LoTeP successfully prevents this disruption, effectively
preserving semantic integrity and aligning closely with FT. (b) Performance versus
parameter efficiency on 10 downstream datasets using the ViT-B/32 backbone. LoTeP
strikes an optimal balance, achieving state-of-the-art average accuracy that even sur-
passes FT, while introducing fewer than 0.1M trainable parameters.

(VP) [17,18))38] has emerged as a highly effective paradigm in CV by introducing
learnable parameters strictly in the input pixel space.

Despite its broad compatibility, this input-only paradigm faces a fundamental
bottleneck: the severe attenuation of prompt signals as they propagate through
deep layers. Our Centered Kernel Alignment (CKA) analysis reveals that input-
space VP struggles to align deep-layer representations with fully fine-tuned (FT)
models but rather remains aligned with pretrained base (BS) models, rendering
it ineffective at extracting task-relevant semantics. This inherently limits deep
feature adaptation and leads us to question whether prompts can be applied
directly to deep activations.

However, directly applying existing VP methods to network activations is
impractical. The first major obstacle is parameter inefficiency. The explosive
growth in channel dimensions of deeper-layer activations would cause a corre-
sponding surge in VP parameters, which violates the principle of parameter
efficiency and complicates optimization. The second challenge is the severe risk
of semantic disruption. Unconstrained deep prompts can aggressively alter in-
termediate representations and overwrite invaluable pre-trained knowledge. As
evidenced by our CKA analysis in Fig. , applying LoR-VP to deep activa-
tions (Deep LoR-VP) causes a significant drop in feature similarity to both the
pre-trained backbone and the FT model. Collectively, these phenomena reveal
a fundamental Capacity-Integrity Paradox in current VP research: equip-
ping deep layers with sufficient prompting capacity for task-specific adaptation
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inevitably clashes with the imperative to preserve the semantic integrity of pre-
trained representations, while simultaneously risking parameter explosion.

To address these challenges, we first conducted a preliminary study with a
specially designed channel-grouping prompting strategy. The channel-wise re-
dundancy observed in this preliminary study directly inspired us to propose a
more generalized and continuous solution: Low-Rank Tensor Visual Prompting
(LoTeP). This method models the VP as a low-rank tensor, which fundamentally
resolves the parameter explosion. Concurrently, the tensor rank serves as a natu-
ral proxy to govern the prompt’s expressiveness. By introducing a rank-decaying
schedule, we effectively restrict the excessive degrees of freedom in deeper layers,
thereby preventing the disruption of pre-trained semantics. Furthermore, under
certain structural assumptions, we provide a theoretical analysis that formally
corroborates our empirical design, revealing the intrinsic low-rank property of
deep prompts. Without a significant increase in parameters, our LoTeP method
robustly outperforms existing state-of-the-art (SOTA) VP approaches. Across
38 comprehensive experimental settings, it achieves an overall average improve-
ment of over 2.5% requiring an additional parameter budget of less than 0.1%
relative to the backbone when compared to the state-of-the-art LoR-VP.

Our contributions can be summarized as follows:

— We systematically investigate and articulate the fundamental challenges of
applying VPs to deep-layer activations, explicitly identifying and validating
the dual obstacles of parameter inefficiency and semantic disruption.

— We propose LoTeP, a deep prompting framework, and provide a formal theo-
retical analysis that mathematically uncovers the intrinsic low-rank property
of deep VPs. By modeling prompts as low-rank tensors and employing a rank-
decaying strategy, our method effectively regularizes the prompt capacity to
mitigate semantic disruption while maintaining parameter efficiency.

— We conduct comprehensive experiments on diverse model architectures and
downstream datasets. Results show that our method achieves a SOTA per-
formance improvement of over 2.5% with an average of less than 0.1% more
parameters than LoR-VP and negligible training and inference overhead,
demonstrating its excellent generalization across both models and tasks.

2 Related Works

Visual Prompting. Prompt learning is a new paradigm that has emerged in
recent years in the field of Natural Language Processing (NLP) for adapting pre-
trained large models to downstream tasks [24}26]. The success of prompt learning
in the NLP domain has sparked researchers’ interest in whether it could be intro-
duced to the field of computer vision (CV). Based on this idea, Visual Prompting
(VP) [1] method was quickly proposed. Various methods have already been ap-
plied to VP design. For instance, CLIP-VP [1| adopts the method of adding a
prompt frame to the image edges. In contrast, AutoVP [38] and ILM-VP [7]
use a method of scaling the image and then padding it with prompts back to
the standard size. LoR-VP [18|, on the other hand, employs the technique of
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adding a prompt of the same size as the image, approximating this prompt with
a low-rank matrix. Besides research on VP paradigms, other works have explored
different applications: BlackVIP [33]| applies VP to black-box model optimiza-
tion, while C-AVP [6] generates a class-wise VP to improve model robustness.
All these existing methods restrict prompts to the input pixel space, and our
work explores how to extend visual prompting into deep network activations
through a low-rank tensor formulation.

Low Rank Tensor. Low-rank tensor decomposition is widely adopted in deep
learning. By approximating original tensors, it extracts core representations and
filters noise while reducing parameter overhead [19|. In past research, low-rank
tensors have been utilized in the area of model compression, including Con-
volutional Neural Network (CNN) [11}[35], Recurrent Neural Network (RNN)
[39,/42|43], and Transformer [32], as well as in the fields of information denois-
ing [40], adversarial defense [44], model acceleration [30] and fine-tuning [2}/41].

3 Preliminary Study

3.1 Exploring Channel Grouping in Deep VP

Existing VP methods primarily append learnable parameters to the input pixel
space. If we were to naively replicate this input-level VP paradigm directly onto
deep feature maps (i.e., Naive Deep VP), it would inevitably fall victim to the
aforementioned Capacity-Integrity Paradox. This naturally begs the question:

Is this paradox entirely insurmountable?

Recent studies on feature representations reveal a high degree of similarity
and redundancy among feature channels [3}/13[23]. This observation implies that
when designing deep visual prompts, explicitly modeling the correlation and
redundancy between channels could not only trim down the parameter overhead
but also potentially boost the VP performance.

Driven by this insight, we conduct a preliminary study introducing a channel-
grouped deep VP, denoted as Grouped VP. Let &} € REXH*W he the [-th
intermediate feature map of a pre-trained vision model, where C' is the number
of channels, and H x W represents the spatial resolution. A standard, or naive,
deep visual prompt P; € RE*H>*W introduces independent parameters for every
single channel. Specifically, the visual prompt P; is added element-wise to the
input feature, and the resulting representation is then processed by the layer
block f;:

X1 = fi(X +F) 1=0,1,...,L—1 (1)
y = Head(XL) (2)
The colors e and e indicate learnable and frozen parameters, respectively. This

naive formulation introduces O(C x H x W) parameters, becoming computa-
tionally prohibitive and prone to overfitting as C' grows larger in deeper layers.
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Fig. 2: Overview of Grouped VP. (a) Architecture of Grouped VP, which divides
prompt parameters P; into g groups to reduce the O(C' x H x W) complexity.
(b) Effect of group size on accuracy. Intermediate sizes achieve the best trade-off
between parameter efficiency and representation capacity.

To mitigate this, Grouped VP evenly divides the C' feature channels into g
sequential groups, where each group contains C'/g channels. We then learn a
compact prompt representation G! € R9*#*W Within each group, the prompt
parameters are strictly shared across the channel dimension. The parameter
expansion process can be formulated as:

= [gl...9 H H Gi.....q, | (3)

C1 Cy

The operator || denotes concatenation along the channel dimension.

By doing so, Grouped VP inherently enforces strong prompt correlations
along the channel dimension and aggressively reduces the prompt parameter size
to O(g x H x W). This coupled efficiency and structural regularization against
disruption is a crucial stepping stone towards optimizing overall performance.

3.2 Empirical Observations on Grouped VP

To investigate the efficacy of the proposed grouping mechanism, we instantiate
our Grouped VP using the SOTA prompting method, LoR-VP, yielding Grouped
LoR-VP. To ensure the generalizability of our findings, we conduct extensive
preliminary experiments across different network architectures, including both
CNNs and Vision Transformers (ViTs). We evaluate the performance on two
image classification benchmarks: CIFAR-100 and Tiny-ImageNet.

In our experiments, we systematically vary the number of groups g and com-
pare the classification performance against the naive application of LoR-VP
directly onto the deep feature maps (which corresponds to g = C'). The results
are summarized in Fig. [2] for clear comparison.

From the empirical results, we observe an inverted U-shaped curve that per-
fectly manifests the aforementioned Capacity-Integrity Paradox. Optimal accu-
racy consistently emerges at an intermediate g rather than at the extremes.
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Fig. 3: Illustration of LoTeP. Left: The framework of LoTeP, applying VP on deep
activations with a rank-decaying schedule. Right (top): LoTeP-CP, a low-CP-rank
tensor represented as a sum of several rank-one tensors. Right (bottom): LoTeP-
TK, a low-Tucker-rank tensor reconstructed from a low-rank core tensor and factor
matrices. Orange parts indicate zero-initialized parameters.

On one hand, an overly small g severely restricts the prompt’s representational
capacity, hindering adequate task adaptation. Conversely, maximizing g (equiv-
alent to the naive deep LoR-VP) triggers severe semantic disruption and fails
to preserve pre-trained integrity. The peak at the intermediate g essentially rep-
resents an empirical sweet spot, demonstrating that a viable tradeoff between
capacity and integrity is indeed achievable.

4 Methodology

4.1 Low-rank Tensor Visual Prompting (LoTeP)

Inspired by the empirical observations from our preliminary study, we recog-
nize that introducing structural correlation serves as an effective regularization
to achieve a viable tradeoff. However, relying on rigid, discrete channel group-
ing restricts the prompt’s representational capacity too inflexibly. To overcome
this limitation, we propose Low-rank Tensor Visual Prompting (LoTeP),
a novel design that explicitly formulates the deep visual prompt as a low-rank
tensor. The overall framework is presented in Fig. [3] This tensor-based modeling
allows us to seamlessly integrate low-rank properties across both channel and
spatial dimensions into a cohesive mathematical framework. Based on two defi-
nitions of rank, we propose two variants of LoTeP: LoTeP-TK and LoTeP-CP.

LoTeP-TK. The prompt tensor P; is modeled as a [ry,r;,r;] Tucker rank
tensor , that is:

73[ = C(l) X1 U(l) X9 V(l) X3 W(l) (4)

where x; is i-mode product and C¥) e Rrxmixn UM ¢ Rrixe (O ¢ Rroxh
WO e Rxw e,
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’J k= Z Z Z Ctl,tz,tg f) Vt(gl,)g W(l) (5>

t1=1ta=1t3=1

LoTeP-CP. Alternatively, P; is modeled as a r, CANDECOMP /PARAFAC
(CP) rank tensor |19], that is:

Z atl) °© b(l °© Ct (6)

l l
(P1) ,Jk—Zaﬂb{; ) (7)

in which o is outer product and V¢, a,(fl) € R¢, bgl) e R, cgl) e Rv.

For both of these VP variants, we initialize the parameters corresponding
to the channel dimension as zero vectors or matrices, while the parameters for
the spatial dimensions are randomly initialized. This allows the prompt tensor,
P1, to be initialized as a zero tensor, ensuring that the expressive power of the
pre-trained model is not disrupted at the start of training.

Advantages of the Tensor Formulation. This unified design overcomes
the limitations of Grouped VP by enabling unique channel-wise expressivity and
breaking inter-group isolation via a shared low-rank subspace. Concurrently, it
inherits LoR-VP’s ability to exploit spatial redundancy. By intrinsically captur-
ing these multi-dimensional correlations within a single tensor, LoTeP unlocks
superior representational capacity.

Furthermore, the tensor formulation critically addresses the parameter explo-
sion problem in deep layers. Directly applying spatial-only methods (e.g., Deep
LoR-VP) requires independent low-rank matrices for every channel, leading to
a prohibitive complexity of O(C - r;(H + W)). In contrast, by jointly factorizing
the channel and spatial dimensions, LoTeP decouples the prompt’s complexity
from the raw channel count C'. For instance, LoTeP-CP drastically reduces the
overall complexity to O(r;(C 4+ H +W)), enabling truly efficient deep prompting
when r < C.

4.2 Rank Decaying for Semantic Integrity

Although low-rank tensors provide effective layer-wise regularization, this alone
cannot fully guarantee semantic integrity. As features propagate deeper, they
encode increasingly invaluable pre-trained knowledge. Thus, explicit depth-wise
intervention is necessary to prevent deep prompts from causing catastrophic
semantic disruption.

Initially, we introduce a ratio p € (0,1] to strictly truncate the prompting
depth at layer d = | L- p]. However, this hard cut-off is overly rigid. To elegantly
master the Capacity-Integrity Paradox—balancing early task capacity with strict
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deep semantic preservation—we dynamically navigate this tradeoff. Since ten-
sor rank dictates the capacity, we propose a cosine rank-decaying schedule to
gracefully phase out the prompts.

Formally, the layer-wise rank 7; transitions smoothly from the initial rank rg
at the first layer (I = 1) down to a zero-capacity prompt (complete phase-out)
at depth d:

- {1—#7002_1 (1+cos<d7:ll>)-‘ 1=0,1,2, ..., (d— 1) 8)

This cosine schedule operationalizes our tradeoff strategy: a slow initial decay
provides shallow layers with sufficient capacity for task adaptation, while a seam-
less phase-out gracefully concedes capacity in deeper layers to protect pre-trained
semantics.

4.3 Theoretical Analysis of the Low-Rank Property

To better understand the behavior of deep visual prompts, we briefly analyze
their intrinsic low-rank property from the perspective of gradient flow. In deep
Convolutional Neural Networks (CNNs), the backpropagated gradients are in-
herently constrained by the network’s linear operations, bottleneck structures,
and pre-output average pooling layers. Since visual prompts are updated entirely
via linear combinations of these gradients during training, the converged prompt
matrices naturally tend to reside within a low-rank subspace.

To formalize this intuition, we establish a theoretical upper bound for the
channel-wise rank of prompts in CNNSE|

Assumption 1. Let M be a CNN model with depth L, and let IC; be the 4D
weight tensor of the first convolution layer in the i-th residual block. We as-
sume the weight tensors are constrained such that their CP rank is bounded by
a constant r, i.e., Rank(IC;) < r, Vi < L.

This assumption is not merely a theoretical construct, but reflects the realistic
over-parameterization of modern CNNs, serving as the foundational premise for
some research in tensor-based model compression [22}(35].

Based on Assumption 1 and the chain rule of backpropagation, we can bound
the rank of the learned prompts as follows:

Proposition 1. Under Assumption 1, the rank of the spatially flattened prompt
matriz P; at the i-th layer, learned on model M, is bounded as:

Rank(Pl) <(1+L- i)fr +1 P, ¢ R Xhijw; (9)

This theoretical bound reveals two important insights that guide our method
design. First, Eq. @D indicates that the rank upper bound strictly decreases as

3 Due to page limits, analyses for other models are provided in the appendix.
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the layer index 7 increases. This mathematical property aligns with our motiva-
tion for the rank-decaying schedule proposed in Sec. [£:2] suggesting that deep
prompts inherently possess a lower capacity bound than shallow ones. Second,
while LoR-VP has empirically shown that visual prompts exhibit spatial redun-
dancy, our analysis provides a complementary perspective: deep prompts are also
low-rank along the channel dimension. Unifying these spatial and channel-wise
low-rank properties naturally motivates explicitly modeling deep visual prompts
as a low-rank tensor (LoTeP).

5 Experiments

Our experiments follow the standard evaluation protocol for visual prompting,
measuring the transfer performance of pre-trained models on downstream tasks.
To comprehensively validate the proposed LoTeP, we conduct extensive empiri-
cal evaluations focusing on the following aspects: (1) Demonstrating the model
and task generality of LoTeP across a diverse set of architectures and ten dis-
tinct downstream datasets in Sec. (2) Investigating the out-of-distribution
robustness of our method in Sec. (3) Showcasing the extreme efficiency of
LoTeP in terms of parameter usage, training time, etc. (Sec. [5.3); and (4) Per-
forming detailed ablation studies to validate our core components and analyze
the impact of key hyperparameters on the final performance(Sec. .
Backbones. We conduct experiments across nine representative pre-trained
models spanning various architectural paradigms.

(1) CNN Models: We include ResNet-18, ResNet-50 |14]| pre-trained on
ImageNet-1K, and ResNet-50-P pre-trained on ImageNet-21K-P [36], along
with a modernized CNN, ConvNeXt-B |28|, pre-trained on ImageNet-21K.

(2) Transformer Models: We select ViT-B /16, ViT-B/32 [12| pre-trained
on ImageNet-21K and fine-tuned on ImageNet-1K, and ViT-B/16-P pre-
trained on ImageNet-21K-P [36]. Additionally, the hierarchical Swin-B [27]
pre-trained on ImageNet-21K is included.

(3) Hybrid Models: We evaluate the hybrid architecture CoAtNet-2 |9] pre-
trained on ImageNet-21K.

Baselines. We compare our proposed method with seven commonly used ap-

proaches, categorized into three fine-tuning protocols:

(a) Traditional fine-tuning methods:

— Full Fine-tuning (FT): updates all backbone and head parameters.
— Linear Probing (LP): only trains a linear classification head.
(b) Parameter-efficient fine-tuning:
— LoRA [16]: injects trainable low-rank matrices for adaptation.
— VPT-Deep [17]: introduces learnable prompts into the input space of
every Transformer layer.
(¢) Visual Prompting (VP):
— ILM-VP [7]: introduces Iterative Label Mapping.
— AutoVP [38|: an end-to-end approach for VP configuration selection.
— LoR-VP [1§]: a low-rank approximation-based VP method.
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Table 1: Accuracy and parameter counts across nine models on CIFAR-100
and Tiny-ImageNet. Reference baselines (FT, LP, LoRA) are marked in gray with
the best results among them in Bold. The best-performing VP method is highlighted
in Bold. ' indicates backbones where FT surpasses our methods on both datasets.
CoNX and CANet denote ConvNeXt and CoAtNet, respectively.

ResNet ViT Others
Method Param 181 501 50-P  B/16 B/32 B/16-P Swin-B CoNX-B CANet-2
FT 575.39M 82.51 83.46 85.96 92.15 90.11 91.16 91.84 92.04 88.52
o LP 1.00M 63.29 74.19 83.34 87.12 86.21 88.90 87.37 88.01 80.02
S LoRA 11.05M 77.10 80.34 85.11 91.38 90.50 92.15 90.11 91.11 87.42
;
5 ILM-VP[cvPRr23]  1.32M  24.87 3892 31.51 50.50 40.10 41.49 65.78 70.25  68.75
B AutoVP[ICLR21]  9.97M  63.67 73.88 8376 88.84 8596 8858 8683 86.78  88.06
O LoR-VP[icLR25]  1.05M  69.93  74.86 84.27 89.01 88.65 89.69 90.42 90.87  88.05
LoTeP-CP 1.13M 7451 80.39 85.68 91.59 90.57 91.69 91.29 92.21 90.37
LoTeP-TK 1.13M  75.31 80.82 86.00 91.82 90.39 91.88 91.98 92.01  90.30
- FT 576.39M 72.34 81.56 80.02 91.24 86.59 88.21 88.52 88.26 87.41
g LP 2.00M 65.17 76.52 77.40 89.25 83.95 82.75 86.54 87.81 69.27
& LoRA 12.05M  71.90 80.45 79.58 91.19 87.40 88.50 86.93 88.13  85.62
]
£ ILM-VP[cvrr2s]  1.32M 1413 37.74 2781 7592 3258 26.17 56.28 7855  77.27
T AutoVP[iCLR24| 18.39M  59.78  77.04  T5.67 89.53 8243 8275 8481 8444 8365
,E LoR-VP[iCLR25]  2.05M 6828  77.55 7842 90.53 85.85 84.40 88.28 8850  85.07
LoTeP-CP 2.13M  70.95 80.41 79.67 91.90 87.61 87.43 8847 89.70 87.03
LoTeP-TK 2.14M  71.29 80.63 79.56 91.93 87.71 87.84 88.84 89.63 87.21

Notably, since VPT is architecture-specific, it is exclusively evaluated on the
ViT-B/32 backbone in our task generality experiments.

Datasets. We follow the setup in LoR-VP and use the same set of downstream
datasets: Tiny-ImageNet [21], CIFAR-10/100 [20], OxfordPets [34], EuroSAT
[15], Food101 |4], DTD [8], OxfordFlowers |31], SVHN [29], and GTSRB |37].
Experimental Setup. For our methods, we report two LoTeP variants in ex-
periments: LoTeP-CP, LoTeP-TK. All input ranks (r¢) for these LoTeP variants
are set to 6. All VP methods were reproduced using the same configurations as in
their respective original papers, and the rank of LoRA is set to 8. Furthermore,
no data augmentation is applied other than image resizing. Images for ILM-VP
and AutoVP are resized according to their original experimental settings, while
a standard resolution of 224 x 224 is used for all other methods.

5.1 Main Results

Model Generality The results are presented in Tab. [I Our analysis reveals

that:

1. Comparison with other VP methods: Within the VP framework, our
LoTeP-CP and LoTeP-TK methods achieve new SOTA performance across
a wide array of models, including CNNs, Transformers, and hybrid architec-
tures of various scales. Surpassing the previous SOTA results by approxi-
mately 2.3%, these findings compellingly demonstrate the strong generaliz-
ability of our approach across diverse model architectures.
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Table 2: Accuracy and parameter counts of different methods on ViT-B/32 and
ResNet18 for the 10 downstream datasets. The best-performing VP method is high-
lighted in Bold, and the second-best performing VP method is underlined. The tra-
ditional fine-tuning baselines are marked in gray, with the best results among them in
Bold. Tiny-IN denotes Tiny-ImageNet

Tiny-IN  EuroSAT Pets Food DTD Flowers CIFAR10 CIFAR100 SVHN  GTSRB  Average
FT 86.59 97.78 90.90 83.57 75.43 98.36 98.58 90.11 95.01 94.76 91.11
LP 83.95 95.67 91.90 82.18 69.83 97.98 96.51 86.21 83.09 83.21 87.05
& LoRA 87.40 97.87 90.49 85.01 75.43 97.63 98.30 90.50 94.87 94.70 91.22
% VPT 83.54 95.90 92.27 82.29 72.11 98.47 96.02 86.22 81.48 88.29 87.66
& ILM-VP 32.58 88.12 78.91 48.24 42.65 64.27 85.27 40.10 80.81 67.88 62.88
S AutoVP 82.43 96.25 92.12 82.86 70.81 98.42 95.45 85.96 85.24 86.39 87.59
LoR-VP 85.85 96.25 92.18 83.51 72.49 98.58 97.52 88.65 86.31 88.07 88.94
LoTeP-CP  87.61 97.22 91.96 85.03 76.06 99.04 98.15 90.57 94.06 93.34 91.30
LoTeP-TK 87.71 97.48 91.88 84.67 76.17 99.12 98.18 90.39 94.26 94.52 91.44
FT 72.34 98.82 87.83 75.42 65.49 72.78 96.50 82.51 96.58 97.95 84.62
LP 65.17 93.82 87.26 50.65 60.08 78.11 85.93 63.29 65.04 77.38 72.67
;:i LoRA 71.90 97.37 84.14 68.53 66.41 79.00 92.44 77.10 94.63 96.33 82.79
2 ILM-VP 14.13 85.23 65.48 14.79 35.30 27.91 65.51 24.87 75.15 52.04 46.04
g AutoVP 59.78 93.01 82.65 54.15 54.82 73.79 87.81 63.67 83.74 81.52 73.49
= LoR-VP 68.28 93.93 89.67 60.92 65.90 80.52 88.64 69.93 85.66 78.09 78.15
LoTeP-CP  70.95 95.81 89.32 62.94 67.07 79.49 91.83 74.51 90.72 93.90 81.65

LoTeP-TK  71.29 95.78 89.34 62.97 66.70 80.61 92.01 75.31 92.88 94.97 82.19

2. Comparison between the two LoTeP variants: There is no definitive
better-performing method between LoTeP-CP and LoTeP-TK; instead, they
exhibit a trade-off between expressive power and optimization stability. On
one hand, LoTeP-TK is more expressive, a property derived from the fact that
a tensor of CP-rank r has a Tucker rank no greater than [r, r, r|. On the other
hand, this increased capacity potentially weakens parameter independence,
leading to optimization difficulties when vectors in the factor matrices have
opposing gradient directions. This theoretical dichotomy is mirrored in our
empirical findings: while LoTeP-TK excels on smaller models, both methods
perform on par with each other on larger-scale models.

3. Comparison with other fine-tuning methods: LoTeP method presents
a compelling alternative to both FT and LoRA. It is exceptionally parameter-
efficient: excluding the task-specific classification head, LoTeP requires only
~1% of the trainable parameters used by LoRA, and substantially fewer
than FT. Nevertheless, LoTeP consistently matches or exceeds LoRA’s per-
formance across various backbones. Furthermore, it surpasses FT on four of
the six large models tested, while remaining competitive on the other two,
effectively bridging the historical performance gap between visual prompting
and full-weight updating. It is noted, however, that on small-scale models
where intrinsic capacity is the primary constraint, FT and LoRA still hold
an absolute advantage.

Task Generality As shown in Tab. 2] our LoTeP outperforms all other VP
methods on nine out of ten datasets, surpassing the runner-up (LoR-VP) by
an average of 2.50% on ViT-B/32 and 4.04% on ResNet18. The only exception
is OxfordPets, where our expressive model, along with FT and LoRA, likely
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Table 3: Out-of-Distribution Generalization Performance. Evaluation of the
out-of-distribution generalization performance using the ImageNet-21K pre-trained
ConvNeXt-B, with visual prompting applied on ImageNet-1K, and tested across four
out-of-distribution datasets.

Method ‘ Source ‘ Target
‘ImageNet-lK‘ImageNet-R ImageNet-Sketch ImageNet-A ImageNet-V2
LP 84.61 58.56 45.84 38.03 74.32
AutoVP [ICLR24| 78.75 45.71 34.16 22.99 66.94
LoR-VP [ICLR25| 84.66 58.88 46.22 39.36 74.65
LoTeP-CP 84.75 59.77 46.76 43.57 74.78
LoTeP-TK 84.83 59.61 46.15 44.41 74.73

suffers from overfitting due to the fine-grained dataset’s high similarity to the
pre-training data.

Compared to traditional baselines, LoTeP-TK achieves a remarkable 91.44%
average accuracy on ViT-B/32, successfully surpassing both full FT (91.11%)
and LoRA (91.22%). Conversely, FT and LoRA maintain a pronounced advan-
tage on ResNet18. This disparity stems from the inherent mechanism of Visual
Prompting: since VP only optimizes the input space, its performance upper
bound is fundamentally bottlenecked by the frozen backbone’s representational
capacity. ResNet18’s limited capacity restricts VP’s effectiveness, whereas meth-
ods like FT and LoRA bypass this limit by directly updating internal weights.

5.2 Robustness Analysis

To evaluate the robustness of our method against out-of-distribution (OOD)
data, we employ a ConvNeXt-B backbone pre-trained on ImageNet-21K. We
adapt the model to the ImageNet-1K dataset using various VP methods and
evaluate the transferred models on four standard OOD benchmarks: ImageNet-
R, ImageNet-Sketch, ImageNet-A, and ImageNet-V2.

As shown in Tab. [3] while all competitive methods achieve comparable accu-
racy on the clean ImageNet-1K validation set (ranging from 84.61% to 84.83%),
the unified LoTeP framework demonstrates significantly superior OOD gener-
alization. Setting aside a negligible 0.07% deficit by one variant on ImageNet-
Sketch, LoTeP consistently outperforms the previous SOTA, LoR-VP, across
all OOD scenarios. Most notably, on the notoriously challenging ImageNet-A
dataset—which comprises natural adversarial examples—LoTeP yields a remark-
able accuracy of up to 44.41%, surpassing LoR-VP by a substantial margin of
+5.05%. These results suggest that deep tensor modulation can help reduce over-
fitting to source-specific visual artifacts and improve robustness in the evaluated
OOD settings.
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Table 4: Training and Inference Efficiency. Comparison of training and inference
efficiency across different methods. Evaluated using ViT-B/16 on Tiny-ImageNet. Note
that due to out-of-memory issues at a batch size of 256, the reported data for VPT is
evaluated at a batch size of 128 (on a larger GPU at a batch size of 256, its GPU usage
is 24.53GB).

Network Dataset ‘ Method ‘Epochs Time # Tunable Params GPU Usage Latency Accuracy
LoRA[ICLR22| 20 2.89h 449K 22.08GB 5.26ms 91.19
VPT[ECCV22| 20 3.48h 538K 12.60GB  6.33ms  91.10
. . AutoVP|ICLR24[| 100 8.05h 2,318K 14.55GB  8.80ms  89.53
B/ - B
VIT-B/16 Tiny-ImageNet| ‘b vpicrros)| 20  1.65h 159K 14.34GB  5.74ms  90.53
LoTeP-CP 20 1.57h 168K 14.34GB 5.8lms 91.90
LoTeP-TK 20  1.59h 169K 14.34GB 5.77ms 91.93
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Fig.4: Ablation and sensitivity studies. (a) Evaluation of initial rank ro on
CIFAR-100 using ResNet-18 and CoAtNet-2. The horizontal dashed line represents
the accuracy of the LoR-VP baseline, and the vertical dashed line indicates the rank at
which the parameter count exceeds that of LoR-VP. (b) Test accuracy on CIFAR-100
is evaluated across different values of p using ResNet-50 and Swin-B backbones. (c)
Performance of constant, linear, and cosine decaying functions is evaluated for LoTeP
variants on the CoAtNet-2 backbone.

5.3 Efficiency Analysis

As shown in Tab. [] our proposed LoTeP achieves a favorable trade-off between
efficiency and accuracy. Compared to baselines like LoRA and VPT, LoTeP
significantly reduces training time and requires drastically fewer tunable param-
eters (~168K). During inference, both LoTeP variants maintain highly compet-
itive latency and low GPU usage. Despite this remarkable computational effi-
ciency, LoTeP delivers state-of-the-art performance, with LoTeP-TK achieving
the highest accuracy of 91.93% on Tiny-ImageNet, successfully outperforming
heavier methods like LoRA and VPT.

5.4 Ablation Study

Influence of r¢ in LoTeP. To further investigate the effect of input rank
on LoTeP, we conduct experiments on CIFAR-100 using LoTeP-CP with two
backbones: ResNet-18 and CoAtNet-2. The results are presented in Fig.
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From the analysis of the results, we can draw the following conclusions: (1) An
increase in the number of parameters leads to a more significant performance
improvement for small models, whereas this advantage is very slight in large
models. (2) For a lower rank, our method achieves superior results to LoR-VP
with fewer parameters, which highlights its architectural efficiency.

Impact of Prompting Depth Ratio p. As a core hyperparameter in LoTeP,
the depth ratio p governs not only the total parameter count but also the effective
intervention depth of the prompts. To clearly illustrate its impact, we evaluate
LoTeP-TK on the CIFAR-100 dataset using both ResNet-50 and Swin-B back-
bones. The results are presented in Fig. Our findings reveal two distinct
trends depending on the model’s inherent capacity: (1) For relatively smaller
architectures like ResNet-50, a larger p consistently yields better performance,
as the network directly benefits from the increased representational capacity
provided by deeper prompts. (2) Conversely, for larger models like Swin-B, an
excessively high p degrades performance. We attribute this to the formidable
feature extraction capabilities of large-scale pre-trained models. Their deep-layer
representations encode invaluable semantics. Intervening too deeply into these
layers risks overriding this precious pre-trained knowledge, ultimately leading to
severe semantic disruption rather than effective task adaptation.

Effectiveness of the Rank-Decaying Schedule. To validate our layer-wise
rank allocation, we compare constant (fixed rank), linear, and our cosine decay-
ing schedules using CoAtNet-2 on CIFAR-100 (Fig. . The results highlight
the importance of balancing capacity and regularization. Comparing the cosine
and constant schedules confirms that rank decaying is essential: while a constant
rank offers high capacity, it lacks the strong regularization needed in deep layers
to prevent the disruption of pre-trained semantics. Furthermore, comparing the
cosine and linear schedules reveals that reducing the rank too abruptly (linear)
deprives early layers of the capacity required for task adaptation. The cosine
schedule optimally maintains high capacity in shallow layers while seamlessly
increasing regularization depth-wise. Besides, the success of this decaying sched-
ule provides solid empirical evidence for our theoretical analysis in Proposition I}
where the intrinsic rank capacity of prompts is shown to naturally decrease with
network depth.

6 Conclusion

Visual prompting has emerged as a powerful parameter-efficient technique for
adapting pre-trained models to specific downstream tasks. Existing methods,
however, predominantly restrict prompts to the input pixel space, as extending
them to deep network activations triggers a prohibitive Capacity-Integrity
Paradox: increasing capacity for task adaptation inherently causes parameter
explosion and severe semantic disruption to pre-trained knowledge. Address-
ing this fundamental paradox, our study introduces Low-Rank Tensor Visual
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Prompting (LoTeP), which formulates deep prompts as low-rank tensors and
employs a progressive rank-decaying schedule. This design elegantly masters the
tradeoff, facilitating extreme parameter compression while gracefully preserv-
ing the semantic integrity of deep representations. Extensive experiments across
nine network architectures and ten datasets consistently demonstrate the state-
of-the-art effectiveness, efficiency, and robustness of our method.

7
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