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Abstract

Existing fine-tuning paradigms are predominantly character-
ized by Full Parameter Tuning (FPT) and Parameter-Efficient
Tuning (PET). FPT fine-tunes all parameters of a pre-trained
model on downstream tasks, whereas PET freezes the pre-
trained model and employs only a minimal number of learn-
able parameters for fine-tuning. However, both approaches
face issues of overfitting, especially in scenarios where down-
stream samples are limited. This issue has been thoroughly
explored in FPT, but less so in PET. To this end, this pa-
per investigates overfitting in PET, representing a pioneer-
ing study in the field. Specifically, across 19 image classifi-
cation datasets, we employ three classic PET methods (e.g.,
VPT, Adapter/Adaptformer, and LoRA) and explore various
regularization techniques to mitigate overfitting. Regrettably,
the results suggest that existing regularization techniques are
incompatible with the PET process and may even lead to
performance degradation. Consequently, we introduce a new
framework named TTE (Two Tokens are Enough), which ef-
fectively alleviates overfitting in PET through a novel con-
straint function based on the learnable tokens. Experiments
conducted on 24 datasets across image and few-shot clas-
sification tasks demonstrate that our fine-tuning framework
not only mitigates overfitting but also significantly enhances
PET’s performance. Notably, our TTE framework surpasses
the highest-performing FPT framework (DR-Tune), utiliz-
ing significantly fewer parameters (0.15M vs. 85.84M) and
achieving an improvement of 1%.

Code — https://github.com/JCruan519/TTE

Introduction
The fine-tuning paradigm utilizes parameters learned dur-
ing the pre-training phase as the initialization for the fine-
tuning process, leveraging prior knowledge for enhanced
downstream adaptation. Existing fine-tuning paradigms can
be categorized into Full Parameter Tuning (FPT) and
Parameter-Efficient Tuning (PET) based on whether the
model’s pre-trained parameters are frozen. In FPT, the pre-
trained parameters serve as the initialization, and all model
parameters are fine-tuned to accommodate the distribution
changes of downstream tasks. In PET, the backbone of the
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pre-trained model remains frozen, and only a small por-
tion of parameters is introduced or adjusted to acquire the
downstream knowledge. Benefiting from large-scale, pre-
trained datasets and the diversity of downstream tasks, this
fine-tuning paradigm has been extensively developed in var-
ious fields, including computer vision (Zhong et al. 2020;
Zhang et al. 2021; Jia et al. 2022; Chen et al. 2022), natural
language processing (Houlsby et al. 2019; Hu et al. 2021;
Zaken, Ravfogel, and Goldberg 2021), and multimodal do-
mains (Gao et al. 2021; Khattak et al. 2023; Gao et al. 2024).

However, both fine-tuning paradigms are afflicted by
overfitting issues (Zheng et al. 2023; Zhuang et al. 2020),
which detrimentally affect the fine-tuning performance on
downstream tasks. In FPT, a variety of regularization frame-
works have been proposed to mitigate this issue (Zhong
et al. 2020; Zhang et al. 2021; You et al. 2020; Zhou, Chen,
and Huang 2023). For instance, DR-Tune (Zhou, Chen, and
Huang 2023), the leading FPT framework, integrates dis-
tribution regularization and semantic calibration techniques
to avoid overfitting and improve performance. In PET, al-
though considerable research has focused on optimizing per-
formance via well-designed modules (Zhang, Zhou, and Liu
2022; Lian et al. 2022; Jie and Deng 2022; Luo et al. 2023a;
Dong et al. 2023; Jiang et al. 2023), the overfitting issues
and regularization frameworks remains underexplored.

In this paper, we conduct a pioneering study on the over-
fitting phenomena in PET, as shown in Figure 1. Specifi-
cally, we examine the performance of three classic PET ar-
chitectures: VPT (Jia et al. 2022), Adapter/AdaptFormer1

(Houlsby et al. 2019; Chen et al. 2022), and LoRA (Hu et al.
2021), on the VTAB-1K benchmark (Zhai et al. 2019). The
results reveal that all these PET structures exhibit significant
overfitting issues. In (Han et al. 2024), the authors addressed
the overfitting of VPT by increasing the number of training
samples. Correspondingly, we intuitively reduced the num-
ber of parameters introduced by PET while maintaining a
fixed number of samples; however, this approach failed to
significantly mitigate overfitting and led to decreased per-
formance. Furthermore, we explored the use of various reg-
ularization strategies to mitigate the overfitting problem in

1Because Adapter and Adaptformer incorporate bottleneck
modules in serial and parallel configurations, respectively, in this
paper, we refer to Adapter as S-Ada. and Adaptformer as P-Ada.
for simplicity.
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Figure 1: Performance and Average Train loss (Blue) vs. Eval loss (Red) on the VTAB-1K benchmark with different PET meth-
ods. The y-axis represents the loss value, and x-axis is the epoch. Vanilla (50%) indicates that the parameter count introduced
by PET is reduced by half. For instance, Vanilla VPT introduces 20 learnable tokens, while Vanilla (50%) VPT introduces 10
learnable tokens. Besides, DR-Tune and TTE indicates that employing various regularization frameworks based on Vanilla.

PET. Unfortunately, the advanced DR-Tune (Zhou, Chen,
and Huang 2023) regularization framework proved ineffec-
tive in adapting to the PET process and subsequently im-
paired the fine-tuning performance. Thus, the development
of a specialized regularization framework tailored for the
PET process has emerged as the central focus of this study.

Consequently, we propose a simple yet effective regular-
ization framework named TTE (Two Tokens are Enough),
designed to mitigate overfitting in PET methods and en-
hance performance on downstream tasks. Our TTE frame-
work is built upon a learnable token module and an inno-
vative constraint function, facilitating seamless integration
into existing PET techniques. Specifically, the learnable to-
ken module comprises a globally learnable token (tg), an
instance-specific token (tin) tailored according to the input,
and an adaptive dropout operation. After concatenating the
two tokens followed by adaptive dropout, they are further
appended to the input sequence of the Transformer, con-
tributing to both forward and backward computations along-
side the learnable parameters introduced by PET. Further-
more, in classification tasks, in addition to utilizing cross-
entropy loss for optimization, we also develop a regulariza-
tion loss termed the Parameter-Free Cross Attention (PFCA)
loss, based on tg , tin, and the inherent CLS token of the
Transformer. This approach effectively alleviates overfitting
and enhances the fine-tuning performance of PET methods.
For instance, as shown in Figure 1, our TTE framework has
achieved significant mitigation of the overfitting issue and
an average improvement in performance by 3.36% on the

VTAB-1K benchmark.
The principal contributions of this paper are summarized

as follows: 1) For the first time, we present an investigation
of the overfitting issue in PET methods, and explore miti-
gation strategies through various regularization frameworks.
Preliminary experiments suggest that existing regularization
frameworks are incompatible with PET techniques and may
even lead to diminished fine-tuning performance. 2) We in-
troduce a novel framework named TTE, which includes a
learnable token module and a regularization constraint func-
tion, designed to alleviate the overfitting problem in existing
PET methods. 3) Extensive experiments are conducted on
the VTAB-1K benchmark, encompassing 19 image classifi-
cation datasets, and the FGVC benchmark, which includes 5
fine-grained few-shot datasets. The results demonstrate that
our framework integrates seamlessly with existing PET pro-
cesses, enhancing fine-tuning performance by an average
of 3.36% on the VTAB-1K benchmark without a signifi-
cant increase in parameter count. It is noteworthy that, with
a significantly lower total number of trainable parameters
compared to DR-Tune, the currently optimal FPT frame-
work (85.84M vs. 0.15M), our TTE achieves superior per-
formance (1% ↑).

Related Works
Regularization frameworks in FPT
In the study of the FPT framework, applying regularization
techniques is a popular approach. In (Xuhong, Grandvalet,
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and Davoine 2018), the authors utilize L2 penalty regular-
ization to retain more pretrained model features, thereby
enhancing transfer learning in convolutional networks. DR-
Tune (Zhou, Chen, and Huang 2023) represents state-of-the-
art work in the design of the FPT framework, introducing
distribution regularization and semantic alignment to im-
prove the fine-tuning process of pretrained visual models.

However, the regularization terms introduced in these
methods are designed for the FPT framework, requiring all
parameters to be updatable during fine-tuning. In the PET
process, only a small fraction of parameters are updatable,
posing challenges to designing compatible regularization
terms. Thus, in this paper, we leverage the prior knowledge
of pre-trained models along with downstream task knowl-
edge to introduce more comprehensive and refined regular-
ization constraints for PET methods.

Parameter-Efficient Tuning
Parameter-Efficient Tuning (PET) is a novel fine-tuning
paradigm introduced in recent years, widely applied to the
fine-tuning of Transformer-based models. PET techniques
freeze the pre-trained backbone and incorporate learnable
modules to obtain the specific knowledge of downstream
tasks. According to (Yu et al. 2023), existing PET methods
mainly include Prompt Tuning, Adapter Tuning, and Param-
eter Tuning, represented by VPT (Jia et al. 2022), S-Ada./P-
Ada. (Houlsby et al. 2019; Chen et al. 2022), and LoRA (Hu
et al. 2021), respectively.

Moreover, numerous innovative PET techniques such as
SSF (Lian et al. 2022), FacT (Jie and Deng 2023), Res-
Tuning (Jiang et al. 2023), RLRR (Dong et al. 2024), and
others (Luo et al. 2023a; Fu, Zhu, and Wu 2024; Dong
et al. 2023; Zhang et al. 2023; Yin, Li, and Zhang 2023;
Jie, Wang, and Deng 2023; Ruan et al. 2024b,a,c) have also
been proposed to improve performance. However, existing
techniques mainly focus on well-designed modules but often
overlook the overfitting issue and the importance of regu-
larization constraints during fine-tuning. Therefore, we pro-
pose TTE framework, which introduces regularization con-
straints based on learnable tokens to further unleash the po-
tential of PET methods.

Empirical Studies
In this section, we conduct an exploration of the overfit-
ting phenomenon for three classical PET methods, including
VPT (Jia et al. 2022), S-Ada./P-Ada (Houlsby et al. 2019;
Chen et al. 2022). and LoRA (Hu et al. 2021) on the VTAB-
1K benchmark (Zhai et al. 2019). The experimental settings
are the same as illustrated in the Experiments Section.

As shown in Figure 1, the changes in loss values of these
classic PET techniques during the training process are visu-
alized. For the VTAB benchmark’s 19 image classification
tasks, each task is equipped with only 1,000 training sam-
ples and approximately 20,000 test samples. Thus, it is ev-
ident that due to the limited training samples for the down-
stream tasks, these PET techniques all suffer from signif-
icant overfitting issues. This phenomenon is similarly ob-
served in (Han et al. 2024). Previous work (Han et al. 2024)

PET
Reg.

Vanilla L1 L2 USKD DR-Tune TTE

VPT 62.41 63.01 62.84 61.70 61.60 66.44
S-Ada. 71.55 72.13 72.03 72.91 71.41 75.06
P-Ada. 71.35 69.86 70.72 70.60 70.85 75.24
LoRA 70.43 70.17 70.01 68.46 70.56 72.45

Table 1: Mean Accuracy (%) on VTAB-1K. The existing
regularization methods are insufficient to effectively allevi-
ate the issue of overfitting in PET, and may even lead to
decreased performance.

has addressed overfitting by fixing the parameter count of
VPT and increasing the number of training samples. Cor-
respondingly, we first attempt the most intuitive strategy of
fixing the number of training samples while reducing the pa-
rameter count of PET methods, with the results shown in the
second row of Figure 1. It can be observed that reducing the
number of parameters does not significantly impact overfit-
ting and can lead to a degradation in performance. Thus, we
attempt to introduce regularization constraint for mitigating
the overfitting issues.

Further, we investigate three distinct regularization strate-
gies to address the overfitting issue in PET: traditional meth-
ods (e.g., L1 and L2 penalty), self-knowledge distillation-
based regularization (e.g., USKD (Yang et al. 2023)), and
advanced frameworks employed in FPT, such as DR-Tune
(Zhou, Chen, and Huang 2023). As demonstrated in Table
1, the application of conventional regularization techniques
during the PET process generally results in varying degrees
of performance degradation. For instance, even the advanced
DR-Tune framework fails to impose effective constraints on
PET, particularly for VPT, where the constraints of DR-Tune
lead to a 0.81% performance decline. Furthermore, as il-
lustrated in Figure 1, this observation underscores that DR-
Tune is ineffective in mitigating the overfitting issue in PET.

One possible reason could be that most regularization
methods are typically applied under the condition that all
model parameters are updatable, a scenario suitable for pre-
training and FPT. However, in PET, typically only about
0.5% of the parameters are learnable. In scenarios with lim-
ited training samples, when only a small number of param-
eters are updatable, the use of conventional regularization
constraints may lead to local optima due to insufficiently
comprehensive and precise constraints, thus failing to ef-
fectively mitigate overfitting (Xu et al. 2023; Luo et al.
2023b). Therefore, in this paper, we introduce learnable
and instance-based tokens to capture global and instance-
specific information, thereby formulating more comprehen-
sive regularization constraints that effectively alleviate over-
fitting in the PET process and enhance performance.

Methods
TTE framework
In the process of Parameter-Efficient Tuning (PET) for a Vi-
sion Transformer (ViT) (Dosovitskiy et al. 2020) with N
layers, the input image is transformed through an embedding
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Figure 2: The overall architecture of our TTE framework, which consists of a Learnable Token Module and a Parameter-Free
Cross Attention Loss.

operation into E0 ∈ Rl×d, where l represents the sequence
length and d stands for the embedding dimension. Subse-
quently, E0 and the CLS token c0 ∈ R1×d are concatenated
to form the input. The entire process can be represented as
follows.

[ci, Ei] = Li([ci−1, Ei−1]; Θi, θi) i = 1, 2, · · · , N
sc = Head(cN )

(1)
where each layer Li comprises a multi-head self-attention

module (MHSA) and a feed-forward network (FFN). Θi de-
notes the backbone parameters of the i-th layer, which are
frozen during the PET process. θi represents newly intro-
duced learnable parameters, employed to acquire specific
knowledge for downstream tasks. [·, ·] signifies the concate-
nation operation. Head is the trainable linear classification
head, which generates logits (sc) from the CLS token of the
last layer (cN ).

In the TTE framework, as illustrated in Figure 2 (a), the
PET process involves the introduction of two tokens: a glob-
ally learnable token (tg) and a token derived from the image
instance (tin). These two tokens, together with the inher-
ent CLS token of the ViT, facilitate the computation of the
Parameter-Free Cross Attention loss, serving effectively as a
regularization to mitigate overfitting. This process is delin-
eated as follows:

[ci, t
g
i , t

in
i , Ei] = Li([ci−1, t

g
i−1, t

in
i−1, Ei−1]; Θi, θi) i = 1, 2, · · · , N

sc = Head(cN ); sg = Head(tgN )

Lall = Lce(sc, y) + αLce(sg, y) + βLpfca(cN , tgN , tinN )

(2)
where the logits sg is derived from the last layer’s tgN via

the classification head. Lall, Lce, and Lpfca respectively de-
note the total loss, cross-entropy loss, and the Parameter-
Free Cross Attention loss, which provide regularization con-
straints in the TTE framework. α and β represent the weight
coefficients. Note that we only utilize sc as the final decision
for classification during inference.

Learnable Token Module
As depicted in Figure 2(b), we present our Learnable Token
Module. It comprises a linear projection Win ∈ R1×l that
extracts instance information from the input image, yield-
ing tin ∈ R1×d. Additionally, a globally learnable token
(tg ∈ R1×d) is introduced to capture the representation of
the entire downstream dataset. A dropout operation is then
applied to these two tokens, thereby enhancing the robust-
ness of the instance information embedded in tin and the
global information inherent in tg . However, given the diver-
sity of downstream tasks, searching for a suitable mask ratio
for each dataset proves impractical. Consequently, an adap-
tive dropout is introduced, applied to tin and tg , resulting
in tg0 and tin0 , which are utilized in the subsequent input se-
quence. As illustrated in Figure 3, the adaptive dropout has
a learnable mask ratio, enabling adaptive adjustment of the
dropout intensity according to different downstream tasks.

Parameter-Free Cross Attention Loss
As illustrated in Figure 2 (c), we introduce the Parameter-
Free Cross Attention Loss (PFCA loss). The loss function
takes three inputs: cN ∈ R1×d, tgN ∈ R1×d, and tinN ∈ R1×d,
all derived from the final layer of the ViT. Without incorpo-
rating any linear transformation layers, cN serves directly as
both key and value, with tgN as the query. The query, key
and value are input into the Parameter-Free Cross Attention
(PFCA) mechanism, yielding the output O1 ∈ R1×d. Sim-
ilarly, tinN acts as both key and value with tgN as the query,
subsequently entered into the PFCA to produce the output
O2 ∈ R1×d. Finally, the mean squared error between O1

and O2 is computed to serve as the output of PFCA loss.

How does TTE work?
The TTE framework introduces the globally learnable token
tg and the instance-based token tin, which is derived from
the input image instance. Moreover, the CLS token, encap-
sulating the pre-trained knowledge, is also utilized in the cal-
culation of our PFCA loss. The CLS token is learnable dur-
ing the pre-training phase while frozen during fine-tuning,
hence the pre-trained knowledge it embodies remains un-
changed during the PET process. Additionally, for tg , an ex-
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The Pytorch-style code for Adaptive Dropout 
class AdaptiveDropout(nn.Module):

def __init__(self, p=0.9):
super(AdaptiveDropout, self).__init__()
p = torch.log(torch.tensor(p / (1 - p)))
self.p = nn.Parameter(p)

def forward(self, x):
if self.training:

p = torch.sigmoid(self.p)
mask_ratio = (1-p) * torch.ones_like(x)
binary_mask = torch.Bernoulli(mask_ratio)
return binary_mask * x / (1-p)

return x

Figure 3: The Pytorch-style code for Adaptive Dropout.

tra cross-entropy loss is introduced between it and the true
labels, enabling it to learn a more comprehensive represen-
tation of the downstream task. Finally, tin varies according
to the input image, capturing more specific and detailed in-
stance information. In other words, through pre-training, the
CLS token acquires the most extensive and general knowl-
edge from the large-scale pre-training data. Via fine-tuning,
tg obtains global knowledge of the downstream task, which
is less extensive than that captured by the CLS token. Fur-
thermore, tin represents the instance information of each in-
put image, embodying the most detailed knowledge.

Subsequently, using tg , which is positioned centrally in
terms of knowledge breadth, as a medium, we perform a
cross-attention calculation between tg and CLS token to
facilitate the interaction between downstream global infor-
mation and pre-trained knowledge. The output is denoted
as O1. Another cross-attention calculation is conducted be-
tween tg and tin to promote the interaction between down-
stream global information and instance-specific information,
with the resulting output denoted as O2. Finally, a mean
square error is calculated between O1 and O2 to construct a
more comprehensive and detailed regularization constraint.
This helps alleviate overfitting during the PET process and
enhances fine-tuning performance.

Experiments
Datasets and metrics
Image classification tasks. We utilize the VTAB-1K bench-
mark (Zhai et al. 2019) to validate our TTE framework for
image classification tasks. Specifically, VTAB-1K includes
19 different datasets, which can be categorized into three
groups: Natural, Specialized, and Structured. Each dataset
consists of 1,000 samples for training, with an average of
20,000 samples for testing, making it a highly challeng-
ing benchmark. Following the empirical setting (Lian et al.
2022), for each dataset, we report the Top-1 accuracy on the
test set. For the entire benchmark, we present the arithmetic
mean of the Top-1 accuracy.

Fine-grained few-shot tasks. In a few-shot setting, we
validate the performance of our framework in the low-
data regime using Food-101 (Bossard, Guillaumin, and
Van Gool 2014), OxfordPets (Parkhi et al. 2012), Stanford
Cars (Krause et al. 2013), Oxford-Flowers102 (Nilsback
and Zisserman 2006), and FGVC-Aircraft (Maji et al. 2013)

datasets. Following the empirical setting (Zhang, Zhou, and
Liu 2022; Jie and Deng 2023), we conduct validation under
{1, 2, 4, 8, 16}-shot settings and report the Top-1 accuracy.

Implementation details
For the VTAB-1K benchmark and FGVC datasets, we em-
ploy the ViT-B/16 (Dosovitskiy et al. 2020) model, pre-
trained on the ImageNet-21K dataset (Deng et al. 2009), as
the backbone. For PET methods, unless specifically stated
otherwise, we fix the length of the learnable token intro-
duced by VPT (Jia et al. 2022) at 20, set the hidden layer di-
mensions of S-Ada. (Houlsby et al. 2019) and P-Ada. (Chen
et al. 2022) to 4, fix the scaling factor at 0.1, set the rank of
LoRA (Hu et al. 2021) at 4, and the scaling factor at 1. In
terms of training configurations, we follow the work of pre-
decessors (Lian et al. 2022; Jie and Deng 2023; Luo et al.
2023a), to ensure fairness and reproducibility.

Regarding our TTE framework, to avoid redundancy
brought about by further hyperparameter adjustment, we fix
temperature α at 0.5, and only allow β to be searched from
{0.25, 0.5, 0.75}. Pytorch (Paszke et al. 2019) and Trans-
formers (Wolf et al. 2020) are utilized to implement experi-
ments on NVIDIA A100 GPUs.

Main results
Comparative Results on VTAB-1K We conduct a com-
prehensive validation of the TTE framework using the
VTAB-1K benchmark, with the results presented in Table
2. Initially, we apply the TTE framework to three distinct
PET techniques—Prompt Tuning (VPT (Jia et al. 2022)),
Adapter Tuning (S-Ada. (Houlsby et al. 2019) and P-Ada.
(Chen et al. 2022)), and Parameter Tuning (LoRA (Hu et al.
2021))—as described in (Yu et al. 2023), during the fine-
tuning phase. The results indicate that our framework sig-
nificantly enhances these classical techniques by an average
of 3.36%, while maintaining a comparable parameter count.
Moreover, to our knowledge, P-Ada.† has surpassed recent
state-of-the-art methods. For instance, when compared to
RLRR (Dong et al. 2024), P-Ada.† achieves an improvement
of 0.13%, whilst necessitating only 40% of the parameters.

Comparative Results on FGVC As shown in Figure 4,
comprehensive validation is conducted in a few-shot sce-
nario. The PET methods employed include VPT (Jia et al.
2022), S-Ada (Houlsby et al. 2019), and LoRA (Hu et al.
2021), each fine-tuned both with and without the proposed
TTE framework. Overall, even within this constrained few-
shot setting, various PET methods combined with our TTE
framework are shown to improve performance without an
increase in the number of trainable parameters. On aver-
age, for three different PET methods, our TTE framework
achieves improvements of 2.27%, 1.52%, 1.35%, 1.41%,
and 1.22% under the settings of {1,2,4,8,16}-shot.

Comparative Results with Full Parameter Tuning
Framework As illustrated in Table 3, we conduct com-
parisons of TTE with Full Parameter Tuning frameworks in
transfer learning (e.g., Core-tuning (Zhang et al. 2021) and
DR-Tune (Zhou, Chen, and Huang 2023)). The results sug-
gest that our P-Ada.† surpasses DR-Tune by 1%, currently
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Recent SOTA methods
ARC NeurIPS23 71.2 90.9 75.9 99.5 92.1 90.8 52.0 87.4 96.5 87.6 76.4 83.3 61.1 54.6 81.7 81.0 57.0 30.9 41.3 74.27 - 0.13
Res-T. NeurIPS23 75.2 92.7 71.9 99.3 91.9 86.7 58.5 86.7 95.6 85.0 74.6 80.2 63.6 50.6 80.2 85.4 55.7 31.9 42.0 74.09 - 0.55
SPT Arxiv24 79.3 92.6 73.2 99.5 91.0 89.1 51.2 85.4 96.8 84.9 74.8 70.3 64.8 54.2 75.2 79.3 49.5 36.5 41.5 73.11 - 0.22
LAST Arxiv24 66.7 93.4 76.1 99.6 89.8 86.1 54.3 86.2 96.3 86.8 75.4 81.9 65.9 49.4 82.6 87.9 46.7 32.3 51.5 74.15 - 0.66
RLRR Arxiv24 76.7 92.7 76.3 99.6 92.6 91.8 56.0 87.8 96.2 89.1 76.3 80.4 63.3 54.5 83.3 83.0 53.7 32.0 41.7 75.11 - 0.33

Prompt tuning methods
VPT ECCV22 60.5 90.6 70.6 99.1 89.3 50.1 50.8 82.2 93.8 82.5 74.9 50.6 58.9 41.0 68.1 39.0 32.4 22.3 29.1 62.41 - 0.06
VPT† Ours 66.5 92.8 73.2 99.2 89.9 84.0 50.5 81.5 94.0 83.4 73.8 48.4 63.1 43.0 73.6 57.0 35.7 24.3 28.5 66.44 4.03↑ 0.06

Adapter tuning methods
S-Ada. ICML19 70.1 93.5 74.9 99.5 91.7 87.2 51.4 86.9 96.6 87.8 76.9 84.3 34.5 53.8 80.2 72.8 54.8 22.4 40.2 71.55 - 0.13
S-Ada.† Ours 77.4 94.5 77.1 99.7 92.6 90.0 55.2 88.4 96.2 89.1 76.2 85.5 62.7 52.6 83.0 80.1 54.0 28.7 43.1 75.06 3.51↑ 0.13
P-Ada. NeurIPS22 70.4 92.2 74.5 99.4 91.3 79.1 51.5 83.2 96.4 87.7 76.2 83.7 60.3 53.5 74.6 56.6 54.4 28.3 42.3 71.35 - 0.13
P-Ada.† Ours 78.6 94.0 77.5 99.7 92.3 90.0 55.8 87.8 96.5 88.5 76.8 84.3 62.6 53.3 83.8 81.1 52.9 28.9 45.1 75.24 3.89↑ 0.13

Parameter tuning methods
LoRA ICLR21 65.9 91.3 73.6 99.3 91.7 83.2 51.0 84.0 96.2 87.3 76.2 71.2 57.8 50.5 78.1 58.4 53.2 28.1 41.1 70.43 - 0.19
LoRA† Ours 67.4 91.9 75.4 99.5 91.1 87.2 51.5 86.7 95.6 86.5 76.3 76.7 60.5 49.1 82.2 76.3 50.2 29.4 43.1 72.45 2.02↑ 0.19
† denotes employing PET techniques within our TTE framework.

Table 2: Performance and efficiency comparison on the VTAB-1K benchmark with ViT-B/16 (Dosovitskiy et al. 2020) pre-
trained on ImageNet-21K (Deng et al. 2009). “All Mean” denotes the average accuracy of 19 tasks.

Figure 4: Top-1 accuracy of few-shot learning on FGVC datasets. The trainable parameters (M) is shown in parentheses.

Method Params. (M) Mean CIFAR-100 Caltech101 DTD Flowers102 Pets

P-Ada.†(ours) 0.15 88.4 78.6 94.0 77.5 99.7 92.3

Core-tuning 85.84 83.6 66.3 89.7 70.9 99.0 92.3
DR-Tune 85.84 87.4 81.1 92.8 71.4 99.3 92.4

Table 3: Comparative results with other FPT frameworks.

recognized as the state-of-the-art FPT framework. Further-
more, it is significant that we achieve a reduction in the train-
able parameters during the fine-tuning process by 572x.

Ablation studies
Extensive ablation experiments are conducted on the VTAB-
1K benchmark. Unless otherwise specified, the ViT-B/16,
pre-trained on the ImageNet-21K, is employed as the back-
bone, and P-Ada. (Chen et al. 2022) is utilized as the PET
method. Furthermore, the symbol † indicates the use of the
PET method within our TTE framework, and the arithmetic
mean of the Top-1 accuracy is displayed.

The impact of loss function As shown in Equation
2, in addition to the standard classification loss function
Lce(Sc, y), our TTE framework employs two additional
loss functions to optimize the PET process: Lce(Sg, y) and
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L1 L2 L3 Acc.

✓ 71.38
✓ ✓ 72.88
✓ ✓ 74.30
✓ ✓ ✓ 75.24

(a)

Loss Acc.

Lmse 75.24
Lmae 74.19
Lcos 73.27

(b)

Len. Param. (K) Acc.

1 1.0 75.24
5 4.8 72.15

10 9.7 69.97

(c)

Ratio Acc.

0.1 72.92
0.5 74.35
0.9 75.24

(d)

Method Param. (M) Acc.

S+P-Ada. 0.07 70.92
S+P-Ada.† 0.07 72.52
L+P-Ada. 0.30 71.46

L+P-Ada.† 0.30 75.36

(e)

Method Param. (M) Acc.

FT 86.7 72.46
LP 0.1 58.19

P-Ada. 0.21 73.16
P-Ada.† 0.21 75.43

(f)

Table 4: The main ablation studies for our TTE framework: (a) loss function utilization in TTE (L1 is Lce(Sc, y), L2 is
Lce(Sg, y), L3 is Lpfca). (b) various losses in PFCA loss. (c) token length for tg and tin. (d) initialization for mask ratio
in Adaptive Dropout. (e) different size of backbone (S is ViT-S/16, L is ViT-L/16). (f) Backbone is Swin-B. Acc.: Top-1 Mean
accuracy on the VTAB-1K (%). For (a)∼(d), our baseline is Vanilla P-Ada., which achieves 71.35% Acc. on the VTAB-1K.

Lpfca. As demonstrated in Table 4a, we present the per-
formance of different combinations. Clearly, as the num-
ber of loss terms increases, the effectiveness of our method
also improves. Firstly, by introducing Lce(Sg, y) on top of
Lce(Sc, y), we achieve a 1.5% gain, indicating that provid-
ing real labels to the globally learnable token (tg) allows it
to acquire more accurate global information. Secondly, the
introduction of Lpfca on top of Lce(Sc, y) results in nearly a
3% improvement. This significant enhancement further un-
derscores the importance of regularization constraints be-
tween pretrained knowledge (represented by the CLS token),
global information (represented by tg), and instance infor-
mation (represented by tin).

Furthermore, as depicted in Figure 2, we use the mean
squared error loss at the end of the PFCA loss to narrow
the gap between general knowledge and downstream knowl-
edge. As alternatives to the mean squared error loss, we em-
ploy mean absolute error loss and cosine loss to demon-
strate the versatility of PFCA loss. As shown in Table 4b,
even with the simpler Lmae and Lcos, our TTE framework
achieves improvements of 2.84% and 1.92% compared to
the Vanilla P-Ada., respectively. This adequately demon-
strates that constructing regularization constraints to bridge
the gap between global and instance information is highly
effective in the PET process.

The impact of token length We increase the token lengths
of tg and tin, as detailed in Table 4c. Observations indicate
that as the introduced token length increases, the fine-tuning
performance significantly decreases. A possible explanation
for this phenomenon is that the PET introduces a relatively
small amount of trainable parameters during fine-tuning. If
our TTE framework further introduces an excessive amount
of parameters, it may lead to insufficient learning, resulting
in constraint deviation and even a decline in performance.

The impact of the initialization of mask ratio In Table
4d, we compare the effects of various initial values of the
mask ratio for Adaptive Dropout. The results suggest that
as the initial mask ratio increases, our method exhibits en-
hanced performance. Consequently, in this paper, we have
selected an initial mask ratio of 0.9.

The impact of different backbones First, to illustrate the
versatility of our TTE across models of varying sizes, we
substitute ViT-B/16 with ViT-S/16 and ViT-L/16, as detailed
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Figure 5: Left: The attention map visualization on Sun397
dataset. Right: The t-SNE visualization on SVHN dataset.

in Table 4e. Next, to highlight our framework’s adaptability
to different network structures, we conduct experiments us-
ing Swin-B (Liu et al. 2021) as the backbone, as presented
in Table 4f. As evident from Tables 4e and 4f, regardless of
whether we modify the model size or transition to an alter-
nate backbone, our TTE consistently bolsters performance
without an increase in parameters.

Visualization
We perform attention map and t-SNE (Van der Maaten and
Hinton 2008) visualization analysis, as depicted in Figure
5. For this purpose, we extract the CLS token following the
final Transformer layer and preceding the linear classifica-
tion head. Notably, upon integrating the TTE framework, at-
tention becomes more focused on the target object, and the
classification clusters become more condensed.

Conclusions
In this paper, we first conduct a preliminary exploration
of the overfitting phenomenon during the PET process and
find that existing regularization methods are incompatible
with PET. Further, we propose TTE framework, which uti-
lizes both global and instance tokens to fully capture down-
stream information and construct regularization constraints
with pre-trained knowledge. The TTE effectively mitigates
overfitting in the PET process and further enhances fine-
tuning performance, while introducing minimal additional
parameters. Extensive experiments demonstrate the effec-
tiveness and universality of our framework.
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