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ABSTRACT

This paper presents a simple and effective visual prompting method for adapting
pre-trained models to downstream recognition tasks. Our approach is underpinned
by two key designs. First, rather than directly adding together the prompt and the
image, we treat the prompt as an extra and independent learnable entity. We show
that the strategy of reconciling the prompt and the image matters, and find that
warping the prompt around a properly shrinked image empirically works the best.
Second, we re-introduce two “old tricks” commonly used in building transfer-
able adversarial examples, i.e., input diversity and gradient normalization, into
the realm of visual prompting. These techniques improve optimization and en-
able the prompt to generalize better. We provide extensive experimental results to
demonstrate the effectiveness of our method. Using a CLIP model, our prompt-
ing method registers a new record of 82.5% average accuracy across 12 popular
classification datasets, substantially surpassing the prior art by +5.2%. It is worth
noting that such performance not only surpasses linear probing by +2.2%, but,
in certain datasets, is on par with the results from fully fine-tuning. Additionally,
our prompting method shows competitive performance across different data scales
and against distribution shifts.

1 INTRODUCTION

Deep learning models have witnessed pre-training on increasingly large-scale datasets as a general
and effective pathway to succeed in both computer vision (He et al.| [2022; Radford et al., 2021} Bao
et al.l 2021) and natural language processing (Devlin et al.l 2018} Brown et al.| 2020; [Liu et al.,
2019). These pre-trained models are termed foundation models (Bommasani et al., [2021). While
fully fine-tuning stands as one of the most prevalent paradigms to effectively adapt these foundation
models to a range of downstream tasks, it can be computationally intensive due to the large number
of training parameters. This has led to a need for more efficient alternatives for adapting these
cumbersome foundation models to new tasks.

Prompting method, which only modifies the input space, offers an effective and efficient solution
in NLP (Gao et al, 2021} [Lester et al., 2021} |L1 & Liang} 2021), e.g., text prompting can closely
match the performance of fully fine-tuning (Liu et al., [2021b)). This promising result has motivated
researchers to probe whether similar success can be achieved in the field of computer vision. Some
early efforts in this direction include VPT (Jia et al.l |[2022) and VP (Bahng et al. [2022)), which
add small amounts of learnable parameters as tokens or perturbations directly at the pixel level to
adapt foundation models. However, when taking a closer look at the trade-off between performance
and parameter efficiency as shown in Fig. [l we note these advanced visual prompting methods
appear to be less competitive. To illustrate, despite having a comparable number of parameters, there
exists a significant performance gap between VPT and the simple linear probing baseline (77.3%
vs. 80.3%). In this paper, we aim to unleash the full potential of visual prompting at the pixel level,
and, more importantly, to explore whether it can be stronger than other alternatives such as linear
probing.

Intriguingly, we find that with proper modifications, visual prompting can evolve into a truly effec-
tive paradigm for adapting foundation models to different visual tasks. The first key observation is
that directly adding together the prompt and the image, as in VP (Bahng et al.| 2022)), may inadver-
tently distort the intrinsic information of the image, thereby limiting the prompt’s learning potential.
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Figure 1: The trade-off between the number of parameters an the average accuracy (across 12 datasets). Our

method outperforms linear probing and other visual prompting baselines by a significant margin with a similar
number of parameters.

We provide a simple strategy to resolve this issue: we first shrink the original image into a smaller
size and then pad the prompt around it, i.e., the prompt and the image now are kept as separate
entities, free from overlap. This strategy allows for independent optimization of the prompt and
enables flexibility in adjusting the padding size to control computation overheads. In addition, we
draw on techniques from adversarial examples, which have similarities to visual prompting in their
aim to either maximize or minimize the loss function (Bahng et al., 2022; |[Elsayed et al., |2018)), to
further improve the performance of visual prompting. Specifically, we find that gradient normaliza-
tion (Goodfellow et al.l 2015} Dong et al.l 2018)) and input diversity (Xie et al.| 2019) are effective
at improving the generalization ability of the prompt.

We follow the standard evaluation protocol to conduct experiments across 12 visual benchmarks.
We note that, with a CLIP model (Radford et al.l2021)), our method attains an averaged accuracy of
82.5%, significantly outperforming the previous state-of-the-art visual prompting method VPT (Jia
et al.,|2022) by +5.2%. More excitingly, this 82.5% result is +2.2% stronger than the linear probing
result (80.3%) and even comparable to fully fine-tuning on certain datasets. We further confirm the
superiority of our method in learning with data at different scales and in handling out-of-distribution
samples. We hope our study can catalyze further research in the field of visual prompt learning.

2 RELATED WORKS

Prompt learning in NLP. The key idea of prompting is to reformulate the input text in downstream
tasks so that the frozen language models can better “understand” and perform the task (Liu et al.,
2021a). Prior works (Brown et al., 2020; |Petroni et al., 2019 |Cui et al.l |2021)) show that manually
designed text prompt can help language models achieve remarkable representation capacity in the
few-shot or even zero-shot settings at downstream tasks, but this requires specific domain knowl-
edge. To address this issue, recent works have started to focus on prompt tuning (L1 & Liang} 2021}
Liu et al.| 2021bj} |Lester et al., [2021]), which involves directly optimizing the continuous prompting
vector through gradient information. In this work, we investigate prompt learning in computer vi-
sion, which is a more challenging task because it involves a different type of signal (visual rather
than language) that contains much less high-level semantic information.

Visual prompt learning. After witnessing the success of prompting in language models, re-
searchers begin to explore the usage of prompts in the field of computer vision. For example, CoOp
(Zhou et al.| [2022) applies prompt tuning to vision-language models, learning the soft prompts
through minimizing the classification loss on downstream tasks. VP (Bahng et al., [2022)) and VPT
(Jia et al.l |2022) focus on prompting with images: VP optimizes the prompt directly in the pixel
space, and VPT proposes to insert a set of learnable tokens into ViT architectures (Dosovitskiy
et al., [2020) for prompt tuning. While these approaches show the potential of visual-only prompt
learning, as shown in Fig. [I] their performance is not as competitive compared to other methods
such as linear probing. In this work, we aim to enhance visual prompt learning and demonstrate its
strong potential for improving the performance of foundation models on a range of visual tasks.
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Figure 2: Overview of the designs of different visual prompting methods. (a) VPT: Injecting a set of
learnable parameters into the token space; (b) VP: Modifying learnable perturbations on the border of input
images; (c¢) Our EVP: Shrinking images and applying data augmentations, then padding the prompt around
the image. Note the prompts in EVP are updated using normalization strategies inspired by adversarial attack
techniques (Goodfellow et al.,|2015).

Adversarial examples. Itis well-known that machine learning models are vulnerable to adversarial
attacks (Dalvi et al., 2004} Biggio et al., |2013; [Huang et al., 2011). The fast gradient sign method
(FGSM) (Goodfellow et al.| [2015) and projected gradient descent (PGD) (Madry et al.l [2018) are
two commonly used techniques for creating adversarial examples that can fool deep learning mod-
els. Nonetheless, these adversarial examples cannot transfer well to fool other models. Later works
show that the difficulty of optimizing adversarial examples is the cause of this weak transferability,
and techniques such as diverse input patterns (Xie et al., 2019) and momentum-based gradient ac-
cumulation (Dong et al.,2017) have been proposed to improve transferability. Given the similarity
between generating adversarial examples and the process of prompt learning (Bahng et al., [2022;
Elsayed et al., |2018)), we hereby are interested in revisiting techniques from building transferable
adversarial examples to enhance visual prompting.

3 METHODOLOGY

In this section, we present Enhanced Visual Prompting (EVP), a simple and effective pixel-level
visual prompting method for adapting foundation models to downstream tasks. We first provide a
thorough review of previous visual prompting methods as preliminaries, including VP and VPT, and
then describe the prompting design and training strategy of our EVP in detail.

3.1 PRELIMINARIES

VPT (Jia et al.},2022) adds a set of learnable parameters into ViT architecture for visual prompting.
For a fair comparison, we hereby consider its VPT-SHALLOW version, which only inserts the
prompt into the first layer’s input. Specifically, as shown in Fig. 2] (a), VPT inserts a collection
of prompts P between the learnable class token [CLS] and a sequence of patch embeddings F,
creating a new input = [CLS, P, E].

VP (Bahng et al.||2022)) adapts foundation models to downstream tasks by directly adding together
the learnable prompt and the input images at the pixel level. The prompt vy is designed to be
input-agnostic and task-specific, and is placed on the border of the input images, as shown in Fig. 2]
(b). During training, VP maximizes the likelihood of the correct label y by optimizing the prompt
vg: max,, P(y|z 4 vy). During inference, the optimized prompt is then added to test images:

Xiest = {xtlest + Vs gy + Vg
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Table 1: Performance comparison across 12 datasets with CLIP. EVP substantially beats other visual prompting

methods by a large margin. More notably, EVP outperforms the linear probing on 7 out of 12 datasets with a

similar number of parameters. The results where EVP outperforms linear probing are highlight in bold.
Adaptation | Tunable params (M) | CIFAR100 | CIFARIO | Flowers | Food | EuroSAT | SUN | DMLab | SVHN | Pets | DTD | RESISC | CLEVR | Avg.

TP 0 63.1 89.0 61.8 83.2 34.1 58.0 30.2 1.0 859 428 424 20.2 51.8
VP 0.070 753 94.2 62.0 83.2 95.6 68.4 419 884 865 57.1 84.1 814 76.5
VPT 0.064 76.6 95.0 76.2 84.7 94.6 69.3 48.4 86.1 92.1 616 84.3 58.6 773
EVP(Ours) 0.062 81.2 96.6 823 84.1 97.6 71.0 62.3 90.5 900 684 89.7 75.9 825
LP 0.037 80.0 95.0 94.1 88.3 94.8 76.2 493 654 892 735 923 66.1 80.3

FT 151.28 82.1 95.8 97.4 87.8 99.0 79.0 63.5 957 885 723 98.1 94.4 88.1
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Figure 3: Performance gain of EVP compared to linear probing and VPT on each downstream dataset. The
bars indicate the gain or loss in accuracy compared to linear probing and VPT, respectively. (a) Compared with
linear probing, EVP outperforms linear probing on 7 out of 12 datasets by 2.1% on average. (b) Compared
with VPT, EVP beats VPT on 10 out of 12 datasets by 5.6% on average.

3.2 DESIGNING EVP

Our prompting design is largely based on VP, but with some simple modifications. The issue we
identify with VP is that directly adding together the prompt and the images may corrupt the original
image information. For example, in Fig. 2] (b), the cat ears are heavily overlapped and obscured by
the added prompts. This could hinder the learning of prompts (see our ablations in Sec. [5.I). To
address this issue, as shown in Fig. 2] (¢c), our EVP shrinks the input images and pads the prompt
around them. Specifically, for an input image X € REXK>*3 it is shrunk to & € R¥***3 and then
padded with (K2 — k2) x 3 prompts to obtain the output image X € REX*X>3_Similar to VP, dur-
ing training we optimize the prompt by maximizing the likelihood of the correct label, and during
inference we pad the optimized prompt around the shrunk test samples for predictions.

It is important to note that while both EVP and VPT keep the prompt and the image non-overlapping,
there is a key difference between these two methods. Specifically, the prompts in EVP are later
added with positional embedding, while this is not the case for VPT. As shown in the ablation study
in Sec.[5.2] positional information is crucial for achieving strong performance with visual prompting.

3.3 TRAINING STRATEGY OF EVP

There is a strong relationship between prompting and adversarial attacks. In adversarial attacks,
the goal is to learn a pixel perturbation g; that will mislead the network given an image x;. This
can be formulated as ming, P(y;|x; + ¢;). On the other hand, visual prompting can be seen as the
inverse process of adversarial attacks, in which the aim is to learn a template v that will maximize
the likelihood of the correct label y. Given this relationship, we are motivated to explore whether
techniques from adversarial attacks, particularly those focused on building transferable adversarial
examples, can be useful for visual prompting.

Input diversity. Previous work (Xie et all 2019) demonstrates that input diversity can help op-
timization and improve the transferability of adversarial examples. As shown in later works, the

concept of “diverse input” can be generalized to apply different data augmentation strategies in gen-
erating adversarial examples (Dong et all, 2019, Wang et al.| 2021} [Wu et al} 2021). We hereby
re-introduce this concept into visual prompting. Specifically, our EVP considers a range of aug-
mentation including RandomHorizontalFlip,RandomCop, RandAug (Cubuk et al 2020), and Cut-
mix 2019). As shown in Sec. [5.3] we find that simple augmentation strategies like
RandomHorizontalFlip and RandomCrop are already sufficient to significantly improve vi-
sual prompting.
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Table 2: Performance of non-CLIP models. EVP" indicates that we train EVP using classes after preprocess-
ing stage. EVP slightly exceeds VP and EVP" outperforms EVP and VP by a large margin. The bold indicates
the cases that the performance of EVP" is competitive with linear probing.

Model | Adaptation | CIFAR100 | CIFARIO | Flowers | Food | EuroSAT | SUN | SVHN | Pets

DTD ‘ RESISC ‘ CLEVR ‘ Avg.

Instagram VP 16.7 62.1 4.8 6.5 86.1 22 53.8 18.6 29.1 40.6 30.9 31.9
Instagram EVP 13.6 67.2 9.2 7.1 85.6 79 50.8 163 29.0 38.0 48.1 33.9
Instagram EVP" 60.3 93.5 11.4 8.4 88.7 19.6 553 744 444 47.5 50.5 50.4
Instagram LP 64.0 90.1 92.7 65.8 95.5 58.1 480 945 709 95.7 30.2 73.2
Instagram FT 77.8 77.8 94.5 75.6 97.4 56.7 96.8 939 735 93.4 87.9 84.1
RN50 VP 10.1 545 4.7 5.1 80.7 1.1 57.1 108 82 28.3 29.5 26.4
RNS50 EVP 9.2 55.9 6.6 3.9 85.5 5.1 486 105 187 354 35.5 28.6
RNS50 EVP" 24.9 77.0 11.9 7.0 81.0 14.7 478 720 412 39.2 37.2 41.3
RN50 LP 67.7 87.7 92.7 62.5 95.8 57.5 603 91.1  66.7 92.2 32.6 73.3
RNS50 FT 79.9 94.1 96.9 732 96.5 55.9 96.9 923  66.7 93.4 89.3 84.3

Table 3: Robustness comparison on out-of-distribution and corruption datasets. Left: out-of-distribution
datasets. Right: corruption datasets. We can observe that EVP achieves much stronger robustness on both
out-of-distribution setting and corruption setting.

Model | Adaptation | iwildcam | camelyonl7 | fmow | Avg. Model | Adaptation | CIFAR100-C | CIFAR10-C | Avg.
CLIP VP 57.3 91.4 37.8 622 CLIP VP 52.5 78.3 65.4
CLIP VPT 58.8 91.9 29.7  60.1 CLIP VPT 54.0 70.2 62.3
CLIP Ours 64.9 95.1 40.2  66.7 CLIP Ours 58.6 84.3 71.5
CLIP LP 66.7 86.0 363 63.0 CLIP LP 56.9 78.8 67.9
CLIP FT 64.0 84.3 49.7  66.0 CLIP FT 61.1 82.7 71.9

Gradient normalization. In adversarial attacks, it is common to apply normalization techniques,
such as the L;, Lo, or L, norm, to the gradients update (Goodfellow et al.,|2015). For example,
using the Ly norm, the gradient can be normalized as follows:

VoJ(x,y)

W = gy
IVad (2, y)2

(D

where -y is the learning rate, J is the loss function, and V. J is the gradient of the loss function w.r.t.
the input x.

We hereby introduce this gradient normalization to visual prompting. We define the matrix represen-
tation of EVP as V, = W ® M, where W € REXKX3 are the prompt parameters, M € REXKx3
is the mask matrix, and ® denotes the element-wise matrix product. The mask matrix M encodes
the spatial locations of the prompts, with the central part of size k x k being all zeros and the rest
being all ones. In practice, we find that dividing the gradient of EVP by the Lo norm of the gradient
of W leads to the best performance:

Vyed
‘/et—}-l — VZ _ e . (2)
IVw Il

We provide more details and ablation results on different normalization strategies in Sec.

4 EXPERIMENTS

Datasets. We evaluate visual prompting methods on 12 downstream classification datasets, includ-
ing CIFAR100, CIFAR10 (Krizhevsky et al.l [2009), Flowers102 (Nilsback & Zisserman), [2008)),
Food101 (Bossard et al., 2014), EuroSAT (Helber et al., 2019), SUN397 (Xiao et al., 2010), SVHN
(Netzer et al., 2011), DTD (Cimpoi et al.,[2014), OxfordPets (Parkhi et al.,2012), Resisc45 (Cheng
et al.,[2017), CLEVR (Johnson et al.,2017), and DMLab (Beattie et al., [2016). In addition, we test
the robustness of visual prompting on 3 out-of-distribution datasets (Koh et al.,|2021) (Camelyon17,
FMoW, and iWildCAM), and 2 corruption datasets (Hendrycks & Dietterich, [2018) (CIFAR100-C
and CIFAR10-C).

Baselines. We compare the performance of EVP with other commonly used prompting methods
and fine-tuning protocols, including TP (text prompting), VP, VPT, LP (linear probing), and FT
(fully fine-tuning). Specifically, we should note 1) TP is equivalent to zero-shot in CLIP; 2) LP uses
a linear layer as the classification head; and 3) FT updates all parameters of the backbone and the
classification head.



Under review as a conference paper at ICLR 2024

4.1 CLIP

Following the protocol of VP (Bahng et al.l [2022), we conducted evaluations using the CLIP-
Base/32 model on 12 classification datasets. The full results are shown in Tab. [T and a detailed
comparison to the two strong baselines, LP and VPT, is presented in Fig. 3] Our proposed EVP ap-
proach consistently outperformed all previous prompting methods, with similar or fewer parameters.
On average, EVP showed an improvement of 6.0% over VP, and 5.4% over VPT.

To further evaluate the effectiveness, we next compare EVP with linear probing, which is a widely
used fine-tuning protocol. The results, shown in Tab.[I]and Fig.[3] demonstrate that EVP outperforms
linear probing on 7 out of 12 datasets. On average, EVP achieved an accuracy of 82.5%, which is
2.2% higher than linear probing. In addition, our method is more flexible as the number of parame-
ters can be easily controlled (via adjusting the padding size), whereas the number of parameters in
linear probing must depend on the number of class categories in the downstream tasks.

Lastly, Our method, EVP, exhibits promising performance compared to fully fine-tuning while being
significantly more parameter-efficient, with only 0.04% of the number of parameters. While there
is still a performance gap between these two methods, with an average accuracy of 82.5% for EVP
and 88.1% for fully fine-tuning, EVP outperforms or achieves similar results on certain datasets,
including CIFAR100, CIFAR10, EuroSAT, DMLab, and Pets.

4.2 NON-CLIP MODELS

In this section, we evaluate the effectiveness of EVP on non-CLIP models. One challenge for adapt-
ing non-CLIP models to downstream tasks is that their original classification head is either less
semantically meaningful or mapped to a set of predefined classes. A direct and naive solution
used in VP is to arbitrarily map downstream classes to pre-trained classes and discard any unas-
signed classes. However, we posit that there could exist some similarity between pre-trained and
downstream classes, even if an exact correspondence is not known. This motivates us to propose a
pre-processing stage before implementing visual prompting to utilize this potential similarity.

Specifically, for each downstream class, we feed downstream images in that class into the pre-trained
model and investigate the predictions in the pre-trained classes. We then simply choose the pre-
trained class with the highest prediction frequency as the corresponding class for the downstream
class. After pre-processing, we fix the correspondence and train our visual prompting method.

Overall, the results in Tab.[2|demonstrate the effectiveness of our proposed EVP method for adapting
non-CLIP models to downstream tasks. While the performance of EVP is already improved over
the baseline VP method (by 2%) when using arbitrary mapping, the use of our pre-processing stage
substantially enhances the performance of EVP further, i.e., from 33.9% to 50.4% with the Instagram
pretraining model (Mahajan et al.|[2018) and from 28.6% to 41.3% with an ImageNet-train ResNet-
50. However, we note the performance of EVP" is not as strong on fine-grained datasets, such
as Flowers102 and Food101, suggesting that it may be more challenging to find correspondence
between pre-trained and downstream classes for these types of tasks.

4.3 ROBUSTNESS

In this section, we investigate the robustness of EVP compared with other prompting methods and
fine-tuning protocols. We evaluate the robustness of EVP on out-of-distribution (OOD) and corrup-
tion datasets.

OOD robustness. We test the robustness of EVP to distribution shift using the WILDS benchmark
(Koh et al. |2021). The model is trained on datasets from a specific domain and then evaluated on
datasets from a different domain, such as images from different regions, cameras, and hospitals. The
results in Tab. [3]show that EVP outperforms other prompting methods by at least 4.5%. Additionally,
we find that EVP outperforms both linear probing (+3.7%) and fully fine-tuning (+0.7%) in this
setting, highlighting the potential of EVP in handling out-of-distribution samples.

Robutness on corruption datasets. In this study, we also evaluate the robustness of EVP to com-
mon image corruptions (Hendrycks & Dietterichl 2018). We test EVP on the CIFAR100-C and
CIFAR10-C corruption datasets, which apply 19 common image corruptions to the CIFAR100 and
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Figure 4: Results with different data scales on 11 visual recognition datasets. Each figure shows the results
trained on 1%, 4%, 7%, 10% data, respectively. All visual prompting methods show clear dominance compared
with linear probing. EVP (red line) outperforms other methods by a large margin on average.

CIFAR10 datasets, respectively. We train EVP on the CIFAR100 and CIFAR10 datasets and then
evaluate its performance on the corresponding corruption datasets.

The average accuracy is reported in Tab. 3| (the accuracy under each type of corruption is reported in
the supplementary material), where we can observe that EVP outperforms other prompting methods
and linear probing by a large margin. It is also worth noting that EVP performs comparably to
fully fine-tuning in handling common image corruptions, i.e., 71.5% vs. 71.9%. This may be due
to the fact that the corruptions on the image can damage the performance of other baselines, while
our strategy of treating the prompt as a standalone and independent component can alleviate this
issue, i.e., the prompts in EVP are not directly combined with (but are padded around) the corrupted
images during inference.

4.4 DIFFERENT DATA SCALES

In this section, we evaluate the performance of EVP with different data scales. We train EVP using
only 1%, 4%, 7%, and 10% of the data for each class in the training datasets. This is of particular in-
terest because few-shot learning is an important aspect of prompting in natural language processing.
We hereby aim to validate if EVP can achieve strong performance with limited data.

The average accuracy, as well as the detailed accuracy on each dataset, is reported in Fig. 4 We
can observe that 1) visual prompting methods (VP, VPT, EVP) consistently outperform linear prob-
ing, demonstrating the effectiveness of visual prompting in learning with limited labeled data; and
2) among all visual prompting methods, EVP consistently achieves the best overall performance,
demonstrating its strong generalization ability at different data scale.

5 ABLATION STUDY

5.1 ORIGINAL IMAGE INFORMATION

We first investigate the importance of preserving the original information of the input image. To
explore this, we manipulate the size of the input image while keeping the number of learnable pa-
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Table 4: Ablation on original image information across 12 datasets on CLIP. There is a clear trend that as the
image size decreases, i.e., as the occlusion decreases, the performance gradually increases.
Image size | CIFAR100 | CIFARIO | Flowers | Food | EuroSAT | SUN | DMLab | SVHN | Pets | DTD | RESISC | CLEVR | Avg.

224 77.1 94.7 80.6 81.8 96.7 714 60.1 839 89.1 642 88.1 73.4 80.5
204 71.5 95.3 80.8 82.0 97.0 71.0 60.7 89.7 893 64.0 88.5 73.6 80.8
184 79.0 95.9 81.7 823 97.4 70.3 61.9 90.6 899 652 89.5 74.3 81.5
164 (Default) 81.2 96.6 82.3 82.3 97.6 71.0 62.3 90.5 88.7 68.4 89.7 75.9 822

Table 5: Ablation on the positional embedding. Left panel: At the pixel level, EVP-small shrinks the original
image and pads it with learnable pixels to the original size, while EVP-big pads pixel patches around the
original image. We note EVP-small w/ PE can beat EVP-big w/o PE despite having fewer parameters and a
smaller input resolution, suggesting positional embeddings are crucial in visual prompting at the pixel level.
Right panel: At the token level, VPT only adds positional embeddings to the image patch embeddings, while
VP T, VP25T, VP5oT denote methods in which the 1st, 25th, and 50th positional embeddings are added to
the learnable tokens, respectively. We can observe that simply adding positional embeddings to the learnable
tokens can significantly improve performance.

Methods ‘ CIFAR100 ‘ CIFAR10 ‘ DTD ‘ RESISC ‘ EuroSAT ‘ Avg.

Methods | CIFAR100 | CIFARIO | DTD | RESISC | EuroSAT | Avg.
EVP-small w/PE 812 966 684 897 976 867 VPT 76.6 950 616 843 946 824
EVP-big w/ PE 81.4 96.9 689 916 974 872 VP, T 72-3 36-0 6;-7 220 g&g Sz-g
- VPysT 76.8 5.5 66.6 1 5. 84.
EVP-big w/o PE 734 937 646 762 853 786 VPoT 770 %0 664 840 958 338

rameters constant. By scaling the size of the input image beyond 164, we expect to see an increased
overlap between the input image and the prompt. The results are reported in Tab. @ A notable
observation is that for 9 out of the 12 datasets examined, the performance is inversely proportional
to the extend of overlap. This underscores the importance of preserving original image information.

5.2 PROMPTING POSITIONAL EMBEDDING

We next probe positional embeddings. Note while EVP encodes the positions of both learnable
visual prompts and image patch embeddings, VPT restricts positional embeddings (PE) solely for
the image patch embeddings. To illuminate the implications of positional embeddings in visual
prompting, we present evaluations across different configurations, both at the pixel and token levels.

Focusing on the pixel level, we denote our main method as EVP-small w/ PE, and introduce two
variations: 1) EVP-big w/ PE: Here, the image at the original size is padded with learnable pixels,
and the positional embeddings are added to both the image patch embeddings and the learnable
pixels. 2) EVP-big w/o PE: we hereby also use the image at the original size, but only add positional
embeddings to the image patch embeddings. Tab. [5]shows the results. We can observe EVP-big w/
PE achieves the best performance, while EVP-big w/o PE performs the worst. For example, we
note even EVP-small w/ PE is able to outperform EVP-big w/o PE by an average of 6.1% on the
five datasets (86.7% vs. 78.6%), despite having fewer parameters and lower image resolution. These
results demonstrate the vital role of adding positional embeddings in visual prompting.

At the token level, we find that simply adding positional embeddings to the learnable tokens can
improve performance. To investigate this further, we create different prompting choices at the to-
ken level by adding different positional embeddings to the learnable tokens. Specifically, we de-
note prompting choices as VP,, T, where the n-th positional embeddings are added to the learnable
tokens, as illustrated in Fig. E} Since the total token count is 50, in our experiment, we choose
n = {1,25,50} to study the effects of inserting tokens at the head, the middle, and the tail of the
original image.

The results in Tab.[5|demonstrate that the incorporation of positional embeddings in the learnable to-
kens can consistently and significantly improve the performance of visual prompting. For example,
the average accuracy is increased by +2.4% with VP T, +1.8% with VP, T, and + 1.4% with VP5T.
Collectively, these findings reiterate the importance of positional embeddings in this context.

5.3 TRAINING STRATEGY

In this section, we turn our attention to the impact of various “old tricks” in transferable adversarial
learning on the performance of visual prompting. We first ablate different augmentation methods
such as RandomHorizontalFlip, RandAug, and Cutmix on the CIFAR100 dataset. As shown in
Tab. [6] interestingly, we find that using simple augmentation techniques like RandomHorizontalFlip
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Figure 5: Ablation on positional embedding at token level. (a). Visual Prompting Tuning(VPT): Inject
learnable tokens between CLS and image patch embedding without positional embedding (b): VP,,T: Inject
learnable tokens between CLS and image patch embedding with same positional embedding P,, (i.e, n-th posi-
tional embedding (n=1, 2, ..., 5)).

Table 6: Ablation on augmentation and normalization. Left panel: We find that simple techniques like
RandomFlip and RandomCrop achieve strong results, while stronger augmentations like Cutmix or RandAug
decrease the performance. Right panel: We note 1) applying L2 norm on gradient enhance performance; and
2) using the whole image’s gradient leads to further improvement compared to using only the gradient of the
visual prompting pixels.

Augmentation Gradient Normalization Performance
Flip&crop  RandAug  CutMix Performance L1 Lo Lo-partial Lo-whole

71.5
80.5 v 77.2

4 81.2 :
v 71.9

v v 79.4 e

: 4 81.2

and RandomCrop can already achieve satisfactory results, while more advanced methods such as
Cutmix or RandAug may decrease performance, likely due to over-regularization. For example,
on CIFAR100, RandomHorizontalFlip and RandomCrop is able to improve accuracy by 0.7%, but
RandAug or CutMix hurts the accuracy by 1.1% and 0.8%, respectively.

Next, we ablate different gradient normalization strategies, including the L1 norm, Lo norm, and L,
norm, on the CIFAR100 dataset. The results, shown in Tab. |§[, indicate that the Lo norm consistently
performs the best among all three strategies. Furthermore, we observed that employing the entirety
of the image’s gradient to compute the norm (L,-whole) performs consistently better than merely
using the gradient of the visual prompting pixels (Ly-partial), i.e., 81.2% vs. 79.4%.

5.4 VPT-DEEP

VPT-DEEP is an advanced version of VPT, which additionally introduces learnable tokens at every
Transformer block for enhancing performance. Following the setup in Sec. @ we hereby draw a
comparative performance analysis between VPT-DEEP and EVP, focusing on the following three
settings: the CLIP-based model, out-of-distribution scenarios, and data corruption scenarios. Re-
garding CLIP-based model, our results show that, while VPT-DEEP significantly outperforms the
vanilla VPT by 4.6% (from 77.3% to 81.9%) with significantly more parameters at 0.092 million,
its performance remains slightly lower than that of our EVP, which achieves an average accuracy
of 82.5%. In addition, EVP consistently achieves superior performance than EVP-DEEP in more
challenging settings — specifically, out-of-distribution (66.7% vs. 65.2%) and corruption (71.5%
vs. 69.5%). These findings confirm the efficacy of EVP as a superior prompting strategy. For more
detailed accuracy scores across individual datasets, please refer to the supplementary material.

6 CONCLUSION

We propose EVP, a simple and effective method for adapting pre-trained models to various down-
stream tasks using visual prompts at the pixel level. EVP preserves the original image information
and incorporate adversarial learning techniques to improve performance. Our experiments demon-
strate that EVP outperforms other visual prompting methods and outperforms linear probing in a
variety of settings. Moreover, EVP shows strong performance in handling data of varying scales and
robustness against out-of-distribution samples.
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