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Abstract

We present Diversity-Aware Meta Visual Prompt-
ing (DAM-VP), an efficient and effective prompting method
for transferring pre-trained models to downstream tasks
with frozen backbone. A challenging issue in visual prompt-
ing is that image datasets sometimes have a large data di-
versity whereas a per-dataset generic prompt can hardly
handle the complex distribution shift toward the original
pretraining data distribution properly. To address this issue,
we propose a dataset Diversity-Aware prompting strategy
whose initialization is realized by a Meta-prompt. Specif-
ically, we cluster the downstream dataset into small ho-
mogeneity subsets in a diversity-adaptive way, with each
subset has its own prompt optimized separately. Such a
divide-and-conquer design reduces the optimization diffi-
culty greatly and significantly boosts the prompting perfor-
mance. Furthermore, all the prompts are initialized with a
meta-prompt, which is learned across several datasets. It
is a bootstrapped paradigm, with the key observation that
the prompting knowledge learned from previous datasets
could help the prompt to converge faster and perform bet-
ter on a new dataset. During inference, we dynamically
select a proper prompt for each input, based on the fea-
ture distance between the input and each subset. Through
extensive experiments, our DAM-VP demonstrates supe-
rior efficiency and effectiveness, clearly surpassing previ-
ous prompting methods in a series of downstream datasets
for different pretraining models. Our code is available at:
https://github.com/shikiw/DAM-VP.

1. Introduction
With the increasing scale of training data and model size,

the pretraining-finetuning paradigm has shown remarkable
achievement in many areas, including natural language pro-
cessing (NLP) [4,13] and computer vision (CV) [2,7,8,19].

*Corresponding author.
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Figure 1. Relation between dataset diversity and the performance
gain got by using prompting. The gain is the performance im-
provement when compared with the linear-probing accuracy, un-
der the head-tuning setting. Both previous methods get a large
performance gain on low-diversity datasets, while failing to boost
the transfer performance on high-diversity datasets.

However, fully finetuning a large pre-trained model for each
small downstream task still has some problems in real-
world usage. The most practical one is the storage and dis-
tribution problem that we have to maintain an independent
copy of the model for each task, which is quite expensive
and inflexible, especially for increasing numbers of down-
stream tasks [9].

To break the dilemma, many efforts [6,17,18,25,51] have
been paid to efficiently transfer the given pre-trained models
into a particular dataset. Prompting is an extensively studied
method in the NLP area, which appends a few tokens before
the input sequence to provide some task-specific knowledge
to the pre-trained model, so that the model could adapt well
on the downstream tasks without the fully-finetuning. In-
spired by the success of prompting in NLP, some recent
works [1, 26] propose visual prompting for vision models.
By adding some learnable noise onto the input image or ap-
pending some learnable tokens to the model input sequence,
the pre-trained models show promising results on different
kinds of downstream tasks.

However, we argue that these methods ignore the diverse
distribution property of the image dataset and using a sin-
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gle prompt for all the images in each dataset is not opti-
mal. In Figure 1, we show the relationship between the gain
from prompting and the diversity of the dataset. Here the
gain represents the accuracy improvement compared with
the linear probing setting. We find that both VP [1] and
VPT [26] improve the model accuracy by a large margin on
the low-diversity dataset, but relatively small gains on the
high-diversity datasets, which is intuitively sensible. For
low-diversity datasets, such as the street view house num-
ber dataset (SVHN) [37], all the images have similar content
so a unified prompt is sufficient. On the contrary, when it
comes to high-diversity datasets, such as the ImageNet [12]
dataset, it covers very diverse classes from the wordnet
and there is not any pre-defined relationship between the
classes, so it is hard to use a single prompt to provide the
prior for all the images, such as for “car” and “dog”.

Motivated by this observation, we propose our Diversity-
Aware Meta Visual Prompting (DAM-VP). It has two core
designs. Firstly, to provide a proper prompt for each image
from high-diversity datasets, we propose a clustering-based
prompt selection method. In detail, given a pre-trained vi-
sual model and a downstream dataset, we use the off-the-
shelf clustering method to cluster the feature of the down-
stream data into several coarse-grained subsets, and guide
each cluster to learn its own prompt separately. Based on
the strong homogeneity of the same clustered data, the opti-
mization of cluster-specific visual prompts can be greatly
facilitated and the data commonalities can be also easily
covered. Secondly, we argue the prompt across different
clusters or datasets may have some shared pattern, from
which the model can be adapted to a new dataset faster and
get better performance. This motivates us to introduce a
meta-learning-based method that learns a meta prompt and
initializes the prompt of each cluster with it.

We conduct our experiments on datasets with different
data diversity and evaluate the transfer performance with
different pre-trained models. We report the performance on
both the widely used head-tuning setting and a more chal-
lenging head-freezing/missing setting. Our DAM-VP out-
performs previous methods by a large margin, especially on
high-diversity datasets. For example, with the ImageNet-
22k pre-trained ViT-B model, DAM-VP gets 73.1% top-
1 accuracy under the head-tuning setting on the diverse
DTD [10] dataset, surpassing previous methods VP [1] and
VPT [26] with +13.6% and +7.3% respectively. Mean-
while, we find DAM-VP is quite efficient that with only 10
epoch tuning, it gets 85.7% average top-1 accuracy over the
10 datasets, comparable with previous methods that tunes
100 epochs (83.4% for VP [1] and 85.5% for VPT [26]).
Our contributions can be summarized as follows:

• We analyze the limitation of previous visual prompting
methods, and point out that vision-suitable prompting
should consider the dataset diversity.

• Accordingly, we propose a novel Diversity-Aware
Meta Visual Prompting (DAM-VP) method. It uses the
divide-and-conquer idea by clustering high-diversity
datasets into subsets and learning separate prompts for
each subset, in cooperation with a meta-prompt learn-
ing design.

• Through extensive experiments, our DAM-VP demon-
strates superior performance, achieving SOTA perfor-
mance in a series of downstream datasets for different
pretraining models.

2. Related Work
Prompt learning. Served as a new paradigm, prompt-
ing [33] originally emerges in NLP for adapting pre-trained
language models (PLM) [4, 13] to downstream tasks. Its
principle idea is to reformulate downstream data into the
model knowledge learned during the pretraining phase, en-
abling the frozen pre-trained model to understand the task
rather than tuning the model parameters for adaption. This
goal has been initially reached through constructing pure
text prompts that contains task-specific templates and la-
bel words to perform cloze test, e.g., hand-craft prompts
[16] and generative text prompts [27,45], but unfortunately,
still requiring specialized linguistic expertise for prepara-
tion. To alleviate this, recent efforts have been paid on
prompt tuning (PT) [30, 31] that learns a task-specific con-
tinuous vector as tunable prefix tokens. These tokens can
be optimized via gradients to act as prompts in task adap-
tion while maintaining the pre-trained model untouched.
Driven by the success of language prompts, a lot of works
[35, 38, 43, 47, 50, 55], like CoOP [57] and CoCoOP [56],
have been mushroomed to explore vision-related prompt-
ing especially in multi-modal scenarios, while still con-
centrating on text prompting in practice. Due to the gap
of information density [19] between languages and im-
ages, prompting for vision models is more challenging and
complex. Inspired by prefix tuning, VPT [26] takes the
first step to adapt vision transformers to downstream tasks
by prepending a set of learnable tokens at the model in-
put. Concurrently, VP [1] follows the pixel-level perspec-
tive to optimize task-specific patches that are incorporated
with input images. Despite the pioneering successes of VP
and VPT, we find that they need to pre-assign the num-
ber of prompts, which is not flexible to handle the datasets
with different diversities. In contrast, our method uses a
diversity-adaptive solution to well address this issue.
Transfer learning. Typically, transfer learning focuses
on how to efficiently fine-tune the supervised or un-/self-
supervised pre-trained model when tackling with a new
task. A conventional art of transfer learning is to fully fine-
tune all of the model parameters on training data of the new
task, using the pretraining knowledge as model initializa-

10879



+

Subset Prompted SubsetPrompt 

+

Subset Prompted SubsetPrompt

Frozen
Encoder

Head

+

Subset Prompted SubsetPrompt

Tuning via Gradient Back-Propagation

New Task 

Subset
Prototypes

Data Partition

Clustering

optional

EnRandom
Sampling

Figure 2. The pipeline of our diversity-aware adaption for frozen pre-trained encoder M on new task T . We randomly select a little
subset ST from the training data of task T to implement agglomerative clustering and simulate prototypes of clusters. These prototypes
are utilized to partition the whole training set into different subsets, so that we can optimize the prompt for each subset separately.

tion. However, the growing model capacity has exposed the
inefficiency of fully fine-tuning, simulating the demand of
parameter-efficient learning on downstream tasks, i.e., se-
lecting or appending a few parameters for tuning and freez-
ing the remaining of the model meanwhile. This topic has
been widely explored in NLP by prepending extra learn-
able tokens or feature vectors [30, 31] at transformer input,
whereas limited in vision which still focuses on ConvNets
[5, 44, 53] and rarely on the emerging vision transformers.
To mitigate this gap, recent efforts have explored to effi-
ciently transfer vision transformers by introducing a parallel
trainable down-to-up branch into the MLP module of self-
attention blocks [6] or scaling and shifting the learned fea-
tures [32]. VPT [26] is the pioneer work to leverage learn-
able prefix tokens/features for visual prompting, but still not
efficient in terms of convergence time. Driven by this, our
DAM-VP strives to learn faster during tuning with compa-
rable amount of learnable parameters introduced.

3. Method

We introduce our Diversity-Aware Meta Visual Prompt-
ing (DAM-VP), a novel prompting method that is adaptive
to diverse downstream datasets effectively and efficiently.
As shown in Figure 2, with a given dataset, DAM-VP first
extracts its specific prototypes in an unsupervised and adap-
tive manner as the pre-processing. Then we split the dataset
into different subsets, according to the prototypes. For each
subset, we assign a specific prompt to it and optimize it with
the tuning loss. Rather than random initialization, all of the
prompts are initialized by a meta prompt learned across dif-
ferent datasets, as shown in Figure 4.
Diversity-adaptive dataset partition. As we briefly intro-
duced in Sec. 1, different image datasets have different dis-

Figure 3. Examples of GTSRB (top) and SUN397 (bottom).

tribution diversity. Take Figure 3 as an example, when com-
paring with the traffic sign dataset [46], the data in the scene
dataset [49] is more diverse in terms of angle, illumination,
the complexity of content, etc. The prompting is designed to
reduce the distribution gap between the target downstream
dataset and the model pretraining data, and it is intuitive
that a dataset with similar content is easy to transfer. So it
is a straightforward idea to split a diverse dataset into small
subsets and apply different prompts to each subset.

To this end, we consider the diversity property in our
visual prompting design and propose an adaptive dataset
partition strategy to suit the diversity of task data automat-
ically. Specifically, when adapting the frozen pre-trained
backboneM to the new task T , we first randomly sample
a small subset ST from the training set of T . Then we ex-
tract the feature of subset ST with the frozen M without
any prompting. We denote the features as {M(s)|s ∈ ST }
and use an off-the-shelf clustering method [36] to aggregate
them into several clusters. The clustering procedure is time-
efficient (less than 1% of total tuning time) and the number
of clusters N is auto-adaptive to the dataset diversity by a
pre-defined threshold. Once the clusters are constructed,
we compute the average values for features of each cluster
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Figure 4. The pipeline of meta-learning-based prompt initialization. We partition each task dataset into subsets and regard each subset as a
single meta task. During meta training on each meta batch, we continuously update the temporary prompt on each meta task set and finally
apply moving average to get the updated meta prompt.

as the cluster-specific prototypes {ci}Ni=1, i.e.,

ci =
1

|Si|
∑
s∈Si

M(s), i = 1, · · · , N, (1)

where Si is the data samples corresponding to the ith cluster
that satisfies |S1|+ |S2|+ · · ·+ |SN | = |ST |. The unsuper-
vised mechanism naturally guarantees that the dataset with
a higher diversity can be divided into more clusters, and the
dataset with a lower diversity can be divided into fewer clus-
ters or even just a single cluster. In practice, we configure
the threshold of clustering properly to keep N in a reason-
able range, usually less than the data category number.
Diversity-aware prompt selection. With the simulated
prototypes {ci}Ni=1, it is easy to partition the whole train-
ing dataset DT of task T into small subsets {Di}Ni=1. Cor-
respondingly, we assign one visual prompt for each subset
and get N visual prompts {pi}Ni=1 in total. Similar to the de-
sign in [1], we use a photo-frame-like pixel-level prompt-
ing. It has the same size as the model input and we add
it to the input image directly. Such a design has two ad-
vantages: Firstly, it does not introduce additional computa-
tion cost during inference, while the prefix-token prompting
used in VPT [26] increases the input length and leads to a
larger computation cost. Secondly, such pixel-level prompt-
ing is irrelevant to the model type, so it could be used in
both recent popular Vision Transformer models and tradi-
tional convolution networks. On the contrary, the prefix-
token prompting is specifically designed for token-list-type
input so that could only be used for Vision Transformer.

Given an image-label pair (x, y) from the training set,

we forward x on the frozen M without prompting to get
its original feature and compute the euclidean distances be-
tween the feature and each aforementioned prototype. The
prompt that corresponds to the minimal distance is consid-
ered as the prompt added on x. Formally, prompted image
xp is defined as

xp ≜ x+ pt, s.t. t = argmin
i
∥M(x)− ci∥22. (2)

which indicates the input image x is assigned into the tth

image subset Dt.
Prompt learning. In this paper, we seek a more general
prompting format that could be utilized in different settings.
1) The head-tuning setting used in VPT [26] that a learn-
able classification head is optimized with the prompt jointly.
2) The head-freezing/missing setting that only the prompt
is learnable. The second one is a more challenging task,
but it is also a more flexible real-world usage format: we
only need to add different prompts on the input for different
tasks, maintaining an end-to-end frozen pre-trained model.

For the head-tuning setting, we follow the design in
VPT [26] that optimize a new k-class classification head
for the target task with k categories. Similarly, for the head-
freezing case, we assign the first k classes in the frozen
head to the new task. When it comes to the head-missing
case that the pre-trained model does not have a classification
head (such as self-supervised pre-trained models), a simple
hard-coded mapping solution [1] is convert the output fea-
ture (e.g., 768 channels output feature of ViT/16-Base [14]
encoder) to classification logits. However, we argue such
hard-coded mapping is inefficient, because the optimization
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might be limited if the neurons at these fixed positions are
not active enough. So we propose an active-based mapping
method, which selects the most active top-k neurons of the
output layer ofM by measuring the variances of each posi-
tion output when confronted with random noise inputs.

Based on the above designs, we can minimize the cross-
entropy loss between the logits of prompted image xp and
groud-truth label y to tune our visual prompts on DT , i.e.,

p∗1, . . . , p
∗
N = argmin

p1,...,pN

1

|DT |

N∑
i=1

∑
x∈Di

LCE(M(x+pi), y).

(3)
Once the prompts are well-optimized, we can utilize

prototypes to categorize the input image and assign it to
its belonging subset during inference. The corresponding
prompt is subsequently incorporated with the input image
as prompted input to get the classification logits.
Prompt boosting via Meta-learning. In real-world usage,
a frozen model M needs to be transferred to a bunch of
downstream tasks, this leads to two desired favorable prop-
erties of the prompting method. First, it should be efficient
that only a few epochs tuning could get a good result. Sec-
ond, the prompts learned from previous tasks could help the
new tasks learn better prompts so that the method is boot-
strapped.

In light of meta-learning [15, 39], we integrate a quick
algorithm Reptile [39] into our diversity-aware learning to
boost the prompting learning. The principle idea is to
learn a meta prompt pm on several task datasets {Dm

i }Mi=1

that are prepared as the meta training data, and adopt
the well-trained pm as the initial prompt for diversity-
aware adaption. Specifically, we first partition each task
dataset into subsets, e.g., dataset Dm

i is divided into
Dm

i,1,Dm
i,2, . . . ,Dm

i,Ki
. Then, we regard each subset as a sin-

gle meta task and sample images from each subset to form
the meta training batch B, i.e., dataset Dm

i contributes total
Ki meta task sets for B. Formally, a meta training batch is
constructed by

B =

K⋃
j=1

Bj s.t. Bj ∈ Gj . (4)

where K is the total number of subsets that satisfies K =
K1+K2+· · ·+KM and we rename each subset as group Gj
for convenience, satisfying

⋃M
i=1

⋃Ki

k=1Dm
i,k =

⋃K
j=1 Gj .

With the sampled meta training batch B, we can update
the temporary prompt pmj on each meta task set Bj by min-
imizing cross-entropy loss Lm

j , i.e.,

pmj = pmj−1 − η∇pm
j−1

1

|Bj |
∑
x∈Bj

Lm
j ,

s.t. Lm
j = LCE(M(x+ pmj−1), y),

(5)

where y is the ground-truth label of x. Finally, we imple-
ment meta update to get the new meta prompt after training
on meta batch B by moving average,

pm ← pm + γ
1

K

K∑
j=1

(pmj − pm), (6)

where γ is the meta update step that varies within (0, 1).

4. Experiments
4.1. Setup

Datasets. Here we select 16 popular image datasets for
the experiments including CIFAR10 [29], CIFAR100 [29],
DTD [10], CUB200 [48], NABirds [22], Stanford-Dogs
[28], Oxford-Flowers [40], Food101 [3], GTSRB [46],
SVHN [37], SUN397 [49], STL10 [11], Fru92 [23], Veg200
[23], Oxford-IIIT Pet [41] and EuroSAT [21], where the
first 10 datasets are used for prompt evaluation and the re-
maining 6 are prepared for our meta prompt initialization.
For data preprocessing, we randomly resize the input im-
age into the size of 256 × 256 and subsequently crop it
into 224× 224. More details including the performance on
VTAB-1k benchmark [52] are provided in supplementary.
Models. Our experiments involve six pre-trained vi-
sion models including ImageNet-1k [12] supervised ViT-
B/16 [14], supervised ResNet-50 [20], MoCo v3 [8] learned
ViT-B/16; ImageNet-22k supervised ViT-B/16 and Swin-
Base [34]; 400m web data contrastive learning ViT-B/16
model CLIP [43]. As we illustrated above, our DAM-VP
could be used for models without classification heads and
traditional convolution networks, we discuss these settings
in the supplementary materials.
Baselines. We compare our method with both parameter-
tuning methods and prompt-tuning methods. For
parameter-tuning, we report the fully-tuning, linear prob-
ing results as baseline, and the efficient-tuning method
Adapter [24, 42]. For prompt-tuning, we compare with the
VP [1] and VPT [26].
Diversity metrics. To quantitatively measure the data di-
versity of a given dataset, we follow [1] to randomly sample
10,000 image pairs in each dataset and compute the LPIPS
distance [54] of each pair. The average LPIPS is regarded
to measure the perceptual diversity of the given dataset.
Implementation details. For meta learning based prompt
initialization, we unify update learning rate η (in Eq. (5))
as 0.5 and meta step size γ (in Eq. (6)) as 0.5. Our
meta prompts of different pre-trained backbones are equally
trained for 200 epochs by Adam optimizer with a cosine an-
nealing schedule. The step number for updating the tempo-
rary prompt on each meta task is set as 4. For diversity-
aware adaption, we set the subset size |ST | as 1000 by de-
fault. More implementation details, such as training or clus-
tering configurations, are provided in our supplementary.
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Extra DTD CUB200 NABirds Dogs Flowers Food101 CIFAR100 CIFAR10 GTSRB SVHN Average
Head [10] [48] [22] [28] [40] [3] [29] [29] [46] [37]

Data diversity - 78.7 76.0 74.8 73.4 72.7 72.7 70.9 70.2 67.5 61.8 -

Fully-Tuning ! 70.6 84.7 72.3 84.6 98.3 83.0 87.5 97.4 96.8 96.9 87.2
Linear ! 68.7 83.5 69.3 84.4 97.7 78.5 77.6 92.9 65.6 61.1 77.9
Adapter [24, 42] % 47.7 17.5 3.8 32.0 40.1 46.1 43.0 72.8 82.2 19.6 40.5
VP [1] % 47.8 40.6 13.8 61.9 56.5 55.7 54.4 92.9 86.0 87.8 59.7
VPT [26] % 27.8 10.9 1.3 36.7 9.3 63.0 31.8 46.1 84.3 28.2 33.9
DAM-VP (10 epochs) % 51.3 43.6 22.3 70.8 65.9 61.5 61.5 90.5 79.7 85.7 63.3
DAM-VP (50 epochs) % 53.9 64.6 38.6 75.5 84.1 66.6 67.2 92.4 86.2 88.4 71.8

Table 1. Head-freezing/missing adaption performance of different methods on ViT-B-1K, where we report image classification accuracy
and all of baseline methods are trained for 50 epochs.

Extra DTD CUB200 NABirds Dogs Flowers Food101 CIFAR100 CIFAR10 GTSRB SVHN Average
Head [10] [48] [22] [28] [40] [3] [29] [29] [46] [37]

Data diversity - 78.7 76.0 74.8 73.4 72.7 72.7 70.9 70.2 67.5 61.8 -

Fully-Tuning ! 78.6 81.9 72.6 80.5 97.3 91.8 80.9 96.3 95.3 95.7 87.1
Linear ! 77.0 81.5 72.4 79.5 95.8 92.2 79.8 95.0 85.6 69.2 82.8
TP [43] % 41.8 55.5 44.7 62.5 65.5 87.7 64.6 87.5 40.2 13.7 56.4
VP [1] % 54.3 56.8 46.3 63.5 71.7 86.5 70.7 93.2 90.5 90.4 73.4
DAM-VP (10 epochs) % 58.4 61.1 49.6 68.6 84.5 85.0 68.3 92.7 87.6 87.9 74.4
DAM-VP (50 epochs) % 63.7 65.9 54.8 71.5 87.0 87.7 72.2 93.7 92.3 90.4 77.9

Table 2. Head-freezing/missing adaption performance of different methods on CLIP-ViT-B, where we report image classification accuracy
and all of baseline methods are trained for 50 epochs. “TP” denotes text prompting that directly adopts zero-shot classification head of
CLIP. Here “VP” and our method also use this fixed head rather than particular mapping to get output logits.

4.2. Comparison with Baseline Methods

Quantitative results. We comprehensively compare our
method with the baselines mentioned in Section 4.1. Two
scenarios are taken into our consideration: 1) head-
freezing/missing adaption, i.e., only tuning the introduced
modules like prompts without any extra task-specific head.
2) head-tuning adaption, i.e., tuning the introduced mod-
ules like prompts along with learning a task-specific head.
Table 1 and 2 show the quantitative comparison results of
the head-freezing/missing setting between our DAM-VP
and other adaption methods. We can find that our method
significantly outperforms baseline methods even when our
prompts are just trained for 10 epochs. Table 4 and 5 show
the quantitative comparison results of the head-tuning set-
ting between our DAM-VP and other adaption methods. It
is easy to discover that DAM-VP presents its strong abil-
ity to help pre-trained models generalize on various im-
age datasets, surpassing other methods with fewer training
epochs and higher recognition accuracy. Furthermore, our
DAM-VP even outperforms the fully-tuning setting on both
the ViT-B-22K model and the Swin-B-22K model with only
50 epochs tuning.
Qualitative results. To better observe the adaption per-
formance of each method, we depict the Top-1 accuracy
curve of the first 50 training epochs to investigate the dif-
ferences. Figure 7 shows the curve results of DAM-VP and
the other three baselines in both head-freezing/missing and

Setting Meta Diversity CUB200 Flowers CIFAR100 SVHN
[48] [40] [29] [37]

A % % 41.2 59.9 55.1 87.9
B ! % 43.9 65.7 59.4 88.1
C % ! 63.3 81.5 66.9 88.2
D ! ! 64.6 84.1 67.2 88.4

Table 3. Ablation results of diversity-aware strategy and meta-
prompt initialization. We report Top-1 accuracy on ViT-B-1K.

head-tuning scenarios, where four datasets with different di-
versities are selected. It is obvious that, the performance of
DAM-VP is far ahead in the early stage, especially in the
first 10 epochs. This phenomenon indicates our diversity-
aware strategy can boost the efficiency of prompt optimiza-
tion, since each prompt just need to learn from a group of
images that already have considerable homogeneity. The
design of meta-prompt initialization also benefits this quick
converging of our method with a good start point.

4.3. Ablation Study

Component ablation. We first verify the significance of
the proposed diversity-aware strategy and the meta-prompt
initialization on four aforementioned datasets that have dif-
ferent diversities. As listed in Table 3, both two components
contribute a lot to boosting prompting performance, espe-
cially when dealing with task data that has high diversity.
Prompt learning stability. Previous methods mainly ini-
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Extra DTD CUB200 NABirds Dogs Flowers Food101 CIFAR100 CIFAR10 GTSRB SVHN Average
Head [10] [48] [22] [28] [40] [3] [29] [29] [46] [37]

Data diversity - 78.7 76.0 74.8 73.4 72.7 72.7 70.9 70.2 67.5 61.8 -

Fully-Tuning ! 64.3 87.3 82.7 89.4 98.8 84.9 68.9 97.4 97.1 87.4 85.8
Linear ! 63.2 85.3 75.9 86.2 97.9 84.4 63.4 96.3 68.0 36.6 75.7
Adapter [24, 42] ! 62.7 87.1 84.3 89.8 98.5 86.0 74.2 97.7 91.1 36.3 80.8
VP [1] ! 59.5 84.6 77.7 84.5 97.7 80.5 78.7 94.2 89.4 87.6 83.4
VPT [26] ! 65.8 88.5 84.2 90.2 99.0 83.3 78.8 96.8 90.7 78.1 85.5
DAM-VP (10 epochs) ! 72.4 86.3 81.5 92.2 98.6 86.2 80.1 90.5 87.8 81.1 85.7
DAM-VP (50 epochs) ! 73.1 87.5 82.1 92.3 99.2 86.9 88.1 97.3 90.6 87.9 88.5

Table 4. Head-tuning adaption performance of different methods on ViT-B-22K, where we report image classification accuracy and all of
baseline methods are trained for 100 epochs.

Extra DTD CUB200 NABirds Dogs Flowers Food101 CIFAR100 CIFAR10 GTSRB SVHN Average
Head [10] [48] [22] [28] [40] [3] [29] [29] [46] [37]

Data diversity - 78.7 76.0 74.8 73.4 72.7 72.7 70.9 70.2 67.5 61.8 -

Fully-Tuning ! 72.4 89.7 86.8 86.2 98.3 91.7 73.3 98.3 97.1 91.2 88.5
Linear ! 73.6 88.6 85.2 85.9 99.4 88.2 61.6 96.3 83.8 43.5 80.6
Adapter [24, 42] ! 73.9 88.5 84.6 86.8 98.9 88.7 85.7 96.5 83.6 71.3 85.9
VP [1] ! 75.1 86.5 82.9 81.3 98.6 83.4 80.6 94.8 82.4 80.3 84.6
VPT [26] ! 78.5 90.0 85.4 84.8 99.3 90.1 80.5 96.9 86.2 87.8 87.9
DAM-VP (10 epochs) ! 77.0 89.4 86.8 88.3 99.6 90.2 85.5 96.4 84.7 79.0 87.7
DAM-VP (50 epochs) ! 80.0 90.4 86.9 88.5 99.6 90.5 88.1 97.3 86.8 81.7 89.0

Table 5. Head-tuning adaption performance of different methods on Swin-B-22K, where we report image classification accuracy and all of
baseline methods are trained for 100 epochs.
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Figure 5. Meta-prompt initialization makes prompt tuning more
robust to the random factor. We test in both head-freezing/missing
(ViT-B-1K, left) and head-tuning (ViT-B-22K, right) cases.

tialize the prompt randomly, this leads to the instability of
the performance caused by different random seeds. On the
contrary, our meta-prompt design provides a good initial-
ization point for optimization, which not only boosts the
prompting performance but also improves the training sta-
bility. To eliminate the impact of random seeds, we test on
5 random seeds in experiments and report the results in Fig-
ure 5. It can be found that our meta-prompt initialization
provides superb robustness across different training random
seeds, while the randomly initialized prompt is unstable.
Meta-prompt dataset number. As we elaborated in
Sec. 4.1, there are 6 datasets prepared for our meta-prompt
learning, which is also the default setting we used. Here we
ablate this setting by reducing the number of meta datasets.
As shown in Figure 6, when the meta dataset number is
0, i.e., no meta-prompt is used, our DVM-VP gets a rea-
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Figure 6. Ablating meta-prompt dataset number on DTD in
the head-freezing/missing setting (ViT-B-1K, left) and the head-
tuning (ViT-B-22K, right) setting.

sonable result that performs better than previous baseline
methods. With the number of meta datasets increases, the
prompting performance in both head-freezing/missing and
head-tuning scenarios generally gets boosted. It proves that
more prompting knowledge obtained from previous data is
quite helpful for visual prompts to reduce the data distribu-
tion gap between downstream tasks and pretraining tasks.
Meta-prompt update step size η. The step size η is a
crucial hyper-parameter applied in the meta-prompt update.
Here we ablate different step sizes that vary from 0.1 to 0.7
with the results given in Figure 8. Compared with baselines,
the performance is relatively robust to different step sizes.
We choose η = 0.5 as the default configuration.
Different size of subset ST . The size of subset ST can di-
rectly influence the clustering result and further affects the
partition result during our diversity-adaptive dataset parti-
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Figure 7. Test accuracy curves of different adaption methods when adapting pre-trained ViT-B-1K to different datasets in head-
freezing/missing scenario (top row) and adapting pre-trained ViT-B-22K to different datasets head-tuning scenario (bottom row).
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Figure 8. Ablating step size η on DTD in head-freezing/missing
(ViT-B-1K, left) and head-tuning (ViT-B-22K, right) cases.

tion. Therefore, we apply different subset size that varies
from 200 to 1000 to explore how it affects the prompting
ability. From Figure 9 (left), we find that as the size of ST
increases, we can get higher performance in both scenarios.
Meanwhile, we find our divide-and-conquer design is quite
efficient that even with only 200 images, our DAM-VP still
outperforms previous methods by a large margin. Consid-
ering the training images of some datasets are limited, we
adopt 1,000 as the default size of ST in this work.
Hard-coded mapping vs. Active-based mapping. As we
discussed in Sec. 3, we argue the hard-coded mapping
used by [1] for head-freezing/missing scenario is inefficient,
since it might optimize some not active enough channels of
the output feature (i.e., relatively robust to diverse model in-
put), thus we propose active-based mapping to alleviate this
issue. Figure 9 (right) show the comparison between these
two mapping methods on VP, tested on ViT-B-1K.

5. Conclusion

This paper considers the data diversity property in down-
stream task adaption for prompting pre-trained vision mod-
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Figure 9. (Left) Ablating the size of subset ST in both head-
freezing/missing (ViT-B-1K) and head-tuning (ViT-B-22K) cases.
(Right) Comparison between hard-coded mapping and our active-
based mapping used for head-freezing/missing case.

els. We argue that the per-dataset generic prompt adopt
in previous methods can hardly handle the dataset of large
data diversity. To address this, we propose DAM-VP based
on diversity-adaptive dataset partition and prompt selec-
tion, where our prompts is initialized by a meta-prompt that
learns through a quick meta learning algorithm. Extensive
experiments prove the superior performance of DAM-VP in
both head-freezing/missing and head-tuning cases.
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