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Abstract
Semi-supervised learning (SSL) has achieved significant progress
by leveraging both labeled data and unlabeled data. Existing SSL
methods overlook a common real-world scenario when labeled
data is extremely scarce, potentially as limited as a single labeled
sample in the dataset. General SSL approaches struggle to train
effectively from scratch under such constraints, while methods
utilizing pre-trained models often fail to find an optimal balance
between leveraging limited labeled data and abundant unlabeled
data. To address this challenge, we propose Firstly Adapt, Then cat-
Egorize (FATE), a novel SSL framework tailored for scenarios with
extremely limited labeled data. At its core, the two-stage prompt
tuning paradigm FATE exploits unlabeled data to compensate for
scarce supervision signals, then transfers to downstream tasks.
Concretely, FATE first adapts a pre-trained model to the feature
distribution of downstream data using volumes of unlabeled sam-
ples in an unsupervised manner. It then applies an SSL method
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specifically designed for pre-trained models to complete the fi-
nal classification task. FATE is designed to be compatible with
both vision and vision-language pre-trained models. Extensive ex-
periments demonstrate that FATE effectively mitigates challenges
arising from the scarcity of labeled samples in SSL, achieving an
average performance improvement of 33.74% across seven bench-
marks compared to state-of-the-art SSL methods. Code is available
at https://github.com/ganchi-huanggua/FATE.git.
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1 Introduction
Semi-supervised learning (SSL) is a machine learning paradigm
that aims to leverage both labeled and unlabeled data to improve
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Figure 1: Performance of SSL and few-shot algorithms under
different amounts of labeled data 𝑘 for each class. Generally,
the performance degrades as the number of labeled data
decreases.

model performance. Compared to supervised learning, which re-
lies solely on labeled data, SSL can enhance learning efficiency by
utilizing additional unlabeled instances [41, 49]. Due to its ability
to reduce reliance on large-scale labeled datasets, SSL has been
successfully applied in various real-world scenarios like medical
imaging, natural language processing, and autonomous driving
[11, 20, 44], making it a crucial research area in the machine learn-
ing community.

Existing SSL methods [6, 35, 40, 46] typically assume the avail-
ability of a sufficient amount of labeled data, even if the full anno-
tation is not required. However, obtaining even a small fraction of
labeled data can be challenging in real-world scenarios. Consider
tasks such as medical image annotation or satellite image labeling,
which demand substantial human and financial resources. In such
cases, datasets may contain only one or two labeled samples while
the vast majority remain unlabeled, posing a significant challenge
for SSL methods that rely on training a strong feature extractor
from scratch. As shown in Fig. 1, we evaluate six classical and
state-of-the-art (SOTA) SSL algorithms with varying numbers of
labeled samples. The results indicate that as labeled data decreases,
the performance of these SSL algorithms degrades sharply. For
instance, SoftMatch [6] exhibits nearly a 50% performance drop
when reducing labeled samples per class from 25 to just one. The
core challenge lies in training a powerful feature extractor from
scratch with extremely limited labeled data. On the other hand,
with the advent of pre-trained models, this challenge can be mit-
igated by leveraging a robust backbone, thereby eliminating the
need for training from scratch. A few labeled samples can be used
to efficiently fine-tune the pre-trained model, and several methods
[7, 19, 21, 58] have achieved promising results. These methods are
collectively referred to as Parameter-Efficient Fine-Tuning (PEFT)
[25]. As further demonstrated in Fig. 1, our evaluation of three
SOTA few-shot PEFT algorithms [22, 57, 58] shows that their per-
formance degrades significantly as the number of labeled samples
decreases, highlighting their susceptibility to labeled data scarcity.
Moreover, these methods lack effective mechanisms to leverage
unlabeled data, resulting in substantial information waste.

To fully leverage abundant unlabeled data and mitigate the chal-
lenge of extremely scarce labeled data in SSL, we propose Firstly
Adapt, Then catEgorize (FATE), a novel prompt-tuning-based SSL

framework. The key idea of FATE is to first adapt a pre-trained
model to the downstream feature distribution using unsupervised
learning, then refine it with limited labeled samples to enhance clas-
sification performance. Specifically, FATE leverages unlabeled data
for unsupervised adaptation, aligning the model with downstream
distributions before incorporating labeled data for final classifica-
tion. This ensures that the model benefits from the vast amount of
unlabeled data while overcoming the limitations of scarce supervi-
sion. FATE introduces a flexible two-stage approach that applies to
both vision and vision-language pre-trained models, incorporating
tailored prompt tuning strategies. We validate the effectiveness
of applying FATE on the foundational models of the vision model
[14] and the vision language model [33]. Extensive experiments
demonstrate that FATE outperforms existing SOTA SSL and PEFT
methods. Our contributions can be summarized as follows.

• We propose FATE, a novel two-stage prompt tuning frame-
work for pre-trained models, specifically designed to address
SSL challenges under extremely limited labeled data.

• FATE addresses the challenge of reconciling prompt tuning
strategies between vision and vision-language pre-trained
models, enabling flexible cross-modality adaptation.

• FATE effectively alleviates the challenge of SSL under mini-
mal labels, demonstrated by a 33.74% average improvement
over SOTA methods across seven benchmarks.

2 Preliminaries
2.1 Semi-Supervised Learning
SSL uses a large amount of unlabeled data and a small amount
of labeled data to build models. Formally, to define a 𝑌 -class SSL
classification problem, we let X = {(𝑥𝑏 , 𝑦𝑏 ) | 𝑏 ∈ (1, . . . , 𝐵)} be a
batch of 𝐵 labeled sample, where 𝑥𝑏 is the training sample with its
one-hot label 𝑦𝑏 . Let U = {𝑢𝑏 | 𝑏 ∈ (1, . . . , 𝜇𝐵)} be a batch of 𝜇𝐵
unlabeled samples, where 𝜇 is a fixed parameter that determines
the ratio of X to U.

2.2 Prompt Learning for Pre-trained Model
Prompt tuning requires adapting the pre-trained model to down-
stream tasks without updating its parameters. For a ViT model
denoted as 𝑉 , an input image 𝐼 is cut into𝑚 fixed-sized patches.
Each patch is embedded into 𝑑-dimensional latent space with po-
sitional encoding. The process of cutting and embedding can be
denoted as E. The collection of input image patch embeddings 𝐸 is:
𝐸 = E(𝐼 ), where 𝐸 ∈ R𝑚×𝑑 . Together with an extra frozen classifi-
cation token and a group of learnable tokens 𝑃 ∈ R𝑛×𝑑 , the whole
ViT is formulated as:

[𝑥𝑜𝑢𝑡
𝑐𝑙𝑠

;𝐸𝑜𝑢𝑡 ; 𝑃𝑜𝑢𝑡 ] = 𝑉 ( [𝑥𝑖𝑛
𝑐𝑙𝑠

;𝐸𝑖𝑛 ; 𝑃𝑖𝑛]), (1)

where 𝑥𝑐𝑙𝑠 denotes the classification token, 𝑛 denotes length of the
group of prompts. Only 𝑃 is updated while 𝑉 and 𝑥𝑐𝑙𝑠 are kept
frozen. For brevity, the symbols 𝑖𝑛 and 𝑜𝑢𝑡 below will be omitted.
Concretely, The original CLIP [33] works in the following way: for a
textual encoder denoted as 𝑇 of Transformer [42], a fixed sequence
of words, such as “a photo of a [CLASS]." will be converted with
byte pair encoding representation [36] and encompassed at a fixed
length 𝑙 to get input embedding vectors 𝑆 ∈ R𝑙×𝑑 . The process can
be denoted as 𝑓 = 𝑇 (𝑆), where 𝑓 ∈ R𝑑 represents the text feature
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of 𝑆 . CoOp [58] replaces the embedding vectors of fixed prompt
“a photo of a" with a set of learnable tokens 𝑃 ∈ R𝑛×𝑑 to get new
input embedding vectors 𝑆 ′ and new text feature 𝑓 ′. Only 𝑃 are
updated during training, and 𝑃 are fixed during inference.

3 Method
3.1 Motivation
As classical SSL algorithms struggle to train an effective backbone
from scratch under conditions of extreme scarcity of labeled data,
we leverage pre-trained models to obtain a powerful feature ex-
tractor and fine-tune it, thereby avoiding training from scratch.
However, directly fine-tuning the pre-trained model with only la-
beled data will lead to serious information waste because there is no
mechanism to utilize unlabeled data. We aim to develop a method
with a mechanism that effectively leverages unlabeled data while
retaining some pre-trained knowledge from the pre-trained model.
Compared to other PEFT approaches [18, 19], prompt tuning does
not require modifications to the backbone network and achieves
high computational efficiency by optimizing only the input-related
parameters to learn task-specific knowledge. Therefore, the prompt
tuning method aligns perfectly with our goal of utilizing unlabeled
data to adapt the pre-trained model while preserving some pre-
training knowledge.

In Section 3.2, we provide a detailed introduction to the proposed
FATE framework, followed by its implementation on the vision pre-
trained model in Section 3.3 and the vision-language pre-trained
model in Section 3.3, respectively.

3.2 FATE Framework
To implement the aforementioned idea, we propose a two-stage
prompt tuning framework for pre-trained models named FATE. In
the first stage, we leverage a large amount of unlabeled data to adapt
the model to the downstream data’s feature distribution, referred
to as the Adaptation Stage. In the second stage, we utilize the entire
downstream dataset to perform the final SSL classification task,
referred to as the Classification Stage.

Adaptation Stage. Before tuning a pre-trained model with a few
labeled data, FATE explores the feature distribution of a large
amount of unlabeled data and stores this distribution information
into the prompt tokens through prompt learning. Formally, for a
frozen pre-trained model𝑀 , we first use unlabeled samplesU to
update a group of prompt tokens through unsupervised learning
methods with L𝑢 . This set of prompts is designed to learn the
overall feature distribution of downstream data, so we refer to the
prompts as Distribution-adaptive Prompts (DP), denoted as 𝑃𝑑 . The
process can be defined as:

𝑃∗
𝑑
= argmin

𝑃𝑑

1
𝜇𝐵

𝜇𝐵∑︁
𝑏=1

L𝑢 (𝑀 (𝑢𝑏 ; 𝑃𝑑 )), (2)

where 𝑃∗
𝑑
is the optimized DP. The model’s understanding of down-

stream data is improved by incorporating 𝑃∗
𝑑
during prediction. 𝑃∗

𝑑
remains fixed and is used during both the Classification Stage and
final inference.

Classification Stage. Since unlabeled data was only used to help
the model adapt to the feature of downstream data, generally rather
than directly for the classification task, the vast amount of feature
information provided by unlabeled data is not directly exploited for
classification. Therefore, we again leverage unlabeled data along
with the supervised signal from a small amount of labeled data
to complete the classification task instead of simply fine-tuning
the model with labeled samples. This approach allows unlabeled
data to fully contribute to adapting the model at a coarse level and
improving its classification performance at a fine-grained level.

Formally, we freeze the DP just learned and optimize a new set
of prompts named Classification Prompt (CP), denoted as 𝑃𝑐 , to
perform the final classification task. We further modify FixMatch
[37] through prompt learning to adapt it to the pre-trained model
architecture. For each unlabeled sample 𝑢𝑏 inU, frozen DP is in-
corporated when the weak augmentation view of 𝑢𝑏 is input into
the model. During the forward propagation of data features, incor-
porating DP enhances the model’s understanding of downstream
data. Thus, the model’s predicted class distributions for both the
strong augmented view 𝑞𝑠 and weak augmented view 𝑞𝑤 can be
denoted as:

𝑞𝑠 = 𝑀 (A(𝑢𝑏 ); 𝑃𝑐 ), (3)
𝑞𝑤 = 𝑀 (W(𝑢𝑏 ); [𝑃∗𝑑 ; 𝑃𝑐 ]), (4)

where A(·) and W(·) represent the strong and the weak augmen-
tation operation to the sample, respectively. The unsupervised loss
of unlabeled data can be defined as:

L𝑢 =
1
𝜇𝐵

𝜇𝐵∑︁
𝑏=1

1[max(𝑞𝑤 )≥𝜃 ]H(𝑦𝑏 , 𝑞𝑠 ), (5)

where 𝑦𝑏 = argmax(𝑞𝑤) represents the one-hot pseudo-label of
the unlabeled sample 𝑢𝑏 , and 𝑦𝑏 is generated by the predicted class
distribution of W(𝑢𝑏 ). 𝜃 is a hyperparameter representing the
threshold above to retain a pseudo-label, andH(·, ·) represents the
cross-entropy loss function. For each labeled sample 𝑥𝑏 in X, DP
is incorporated again when W(𝑥𝑏 ) is input into the model. The
corresponding predicted class distribution and the supervised loss
of labeled data are:

𝑞𝑙 = 𝑀 (W(𝑥𝑏 ); 𝑃∗𝑑 ; 𝑃𝑐 ), (6)

L𝑠 =
1
𝐵

𝐵∑︁
𝑏=1

H(𝑦𝑏 , 𝑞𝑙 ). (7)

This process of FATE can be defined as:

𝑃∗𝑐 = argmin
𝑃𝑐

(L𝑠 + 𝜆L𝑢 ), (8)

where 𝜆 is a hyperparameter denoting the relative weight of the
unsupervised loss and 𝑃∗𝑐 represents the optimized CP. During in-
ference, both sets of prompts DP and CP are fixed and concatenated
with the input embedding vectors to obtain the prediction value.

3.3 Implementation
Vision Model For vision models, the focus of FATE implementa-
tion should be on the feature level of the data.
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Figure 2: Implementation of FATE on the vision model. Firstly, we concatenate the DP to the embedding vectors of the unlabeled
samples and optimize it with contrastive learning loss. Then we modify FixMatch by first concatenating learnable CP to all
embedding vectors, fixing the DP just learned, and concatenating it to the branches of the weak augmented views of both
labeled and unlabeled samples. Finally, the mean of the CP is used as the classification feature.

Adaptation Stage. For the pre-trained vision model like ViT that
requires a classifier for classification, we can use contrastive learn-
ing to enable DP to recognize different augmented views of the
same sample. This can achieve the purpose of utilizing the unla-
beled data to let the model learn the overall feature information of
the downstream data mentioned in Section 3.2. For each unlabeled
sample 𝑢𝑏 inU, as shown in Fig. 2, we make two random strong
augmented views A(𝑢𝑏 )1 and A(𝑢𝑏 )2 where A(𝑢𝑏 )1 ≠ A(𝑢𝑏 )2,
then cut and map them into embedding vectors: 𝐸1𝑠 = E(A(𝑢𝑏 )1)
and 𝐸2𝑠 = E(A(𝑢𝑏 )2). We concatenate DP on the two sets of input
embedding vectors 𝐸1𝑠 and 𝐸2𝑠 and then add a frozen pre-trained
class token 𝑥𝑐𝑙𝑠 . Two final input vector groups from A(𝑢𝑏 )1 and
A(𝑢𝑏 )2 and their corresponding output vectors are:

[𝑥1
𝑐𝑙𝑠

; 𝑃1
𝑑
;𝐸1𝑠 ] = 𝑉 ( [𝑥𝑐𝑙𝑠 ; 𝑃𝑑 ;𝐸1𝑠 ]), (9)

[𝑥2
𝑐𝑙𝑠

; 𝑃2
𝑑
;𝐸2𝑠 ] = 𝑉 ( [𝑥𝑐𝑙𝑠 ; 𝑃𝑑 ;𝐸2𝑠 ]), (10)

Note that the class token and DP in the two input vector sets are the
same, but their values differ after ViT mapping due to the distinct
embedding vector groups of the strong augmented views (𝐸1𝑠 ≠ 𝐸2𝑠 ).
We take the two mapped 𝑥1

𝑐𝑙𝑠
and 𝑥2

𝑐𝑙𝑠
and project them into a low-

dimensional space using a projector 𝐽 to get two projected class
tokens 𝑥1

𝑐𝑙𝑠
and 𝑥2

𝑐𝑙𝑠
. For batch unlabeled samples, each unlabeled

sample𝑢𝑖 inU is corresponding two projected class tokens𝑥𝑖,1
𝑐𝑙𝑠

, 𝑥
𝑖,2
𝑐𝑙𝑠

where 𝑖 ∈ 𝜇𝐵. The distance between the two class tokens 𝑥𝑖,1
𝑐𝑙𝑠

and
𝑥
𝑖,2
𝑐𝑙𝑠

obtained by augmenting the two views with the same sample
𝑢𝑖 should be shortened, and the distance between the class tokens

𝑥
𝑖,∗
𝑐𝑙𝑠

, 𝑥
𝑗,∗
𝑐𝑙𝑠

of each view augmented with different samples should
be further, where 𝑖, 𝑗 ∈ 𝜇𝐵, 𝑖 ≠ 𝑗 and ∗ represents any of the two
augmented views. The contrastive loss of the batch of unlabeled
data, also serving as the unsupervised loss Eq. (2) used to optimize
DP mentioned in Section 3.2 can be denoted as:

L𝑢 = −
𝜇𝐵∑︁
𝑖=1

log
exp(⟨𝑥𝑖,1

𝑐𝑙𝑠
, 𝑥

𝑖,2
𝑐𝑙𝑠

⟩/𝜏)∑2𝜇𝐵
𝑘=1 1[𝑘≠𝑖 ] exp (⟨𝑥

𝑘,∗
𝑐𝑙𝑠

, 𝑥
𝑖,∗
𝑐𝑙𝑠

⟩/𝜏)
, (11)

where 𝜏 is a scalar temperature hyperparameter adjusting the distri-
bution of similarity scores and ⟨·, ·⟩ represents the cosine similarity.
Only 𝑃𝑑 and 𝐽 are updated in this process.

Classification Stage. After the model has completed the adap-
tation to the downstream data by optimizing DP, we leverage all
data to complete the classification task. In contrast to the Adapta-
tion Stage, the pre-trained class token is treated as a feature vector
rather than the classification feature, as 𝑥𝑐𝑙𝑠 has been used for fea-
ture contrastive learning instead of classifying. For each unlabeled
sample or labeled sample, we can obtain its embedding vectors and
corresponding input vector groups based on the method proposed
in Section 3.2. After the input vector groups are mapped by ViT,
the mean of 𝑃𝑐 will serve as the high-dimensional feature for classi-
fication, which is then fed into a classifier𝐶 to obtain 𝑞𝑠 , 𝑞𝑤 and 𝑞𝑙
based on Eq. (3), Eq. (4) and Eq. (6). The supervised loss L𝑠 and the
unsupervised loss L𝑢 can be calculated using Eq. (7) and Eq. (5).
Then update 𝑃𝑐 and 𝐶 using Eq. (8).
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Figure 3: Implementation of FATE on the vision-language model. We use the original CLIP’s zero-shot capability to pseudo-label
the unlabeled data, selecting the top-𝑘 samples with the highest predicted values for each class and training the DP for the
visual encoder with the pseudo-labeled samples. Then we fix the DP just learned and design CP at the textual encoder side,
optimizing it using Eq. (8).

Vision-Language Model Implementation For vision-language
models, we should prioritize the extraction of semantic features
from the data.

Adaptation Stage. For the vision-language model, such as CLIP,
we can utilize its strong zero-shot capability to generate pseudo-
labels for the unlabeled samples. Following [27], we then select
samples with high predicted logits to represent the feature dis-
tribution of the downstream data because the features of these
samples are quite distinct and easy to classify. Based on the idea
mentioned in Section 3.2, we can let DP learn the feature distribu-
tion of the downstream data with these pseudo-labeled samples.
Specifically, as shown in Fig. 3, we first pseudo-label all unlabeled
data U using the original CLIP, and then divide the unlabeled
samples according to the pseudo-labeled classes. We take the 𝑘
samples with the highest predicted logits (similarity score) in each
class to get a set of samples with high confidence pseudo labels:
X̂ = {(𝑢𝑐 , 𝑦𝑐 ) | 𝑐 ∈ (1, . . . , 𝑌 × 𝑘)}. X̂ can be recognized as a
representative of the entire downstream unlabeled data’s feature
distribution. DP is still done on the visual encoder 𝑉 . We use each
sample 𝑢𝑐 in X̂ to patch and embed to form embedding vectors
𝐸𝑣 = E(𝑢𝑐 ), and splice the DP into 𝐸𝑣 and input them together
into the frozen visual encoder 𝑉 . At the same time, the class name
prompts of the samples (𝑌 sentences in the format of “a photo of
a [CLASS]") are also embedded into vectors 𝑆 , and 𝑆 are input into
the frozen textual encoder 𝑇 . The process of extracting image and
text features can be defined as:

[𝑥𝑐𝑙𝑠 ; 𝑃𝑑 ;𝐸𝑣] = 𝑉 ( [𝑥𝑐𝑙𝑠 ; 𝑃𝑑 ;𝐸𝑣]), (12)

𝑓 = 𝑇 (𝑆), 𝑆 ∈ R𝑌×𝑙×𝑑 , 𝑓 ∈ R𝑌×𝑑 . (13)

Then calculate the cosine similarity between text features 𝑓 and
image features 𝑥𝑐𝑙𝑠 to get the classification distribution, and calcu-
late the unsupervised loss Eq. (2) mentioned in Section 3.2 with the

one-hot pseudo-label 𝑦𝑐 of the sample 𝑢𝑐 to update 𝑃𝑑 :

L𝑢 =
1

𝑘 × 𝑌

𝑘×𝑌∑︁
𝑐=1

H(𝑦𝑐 , ⟨𝑥𝑐𝑙𝑠 , 𝑓 ⟩) . (14)

Classification Stage. Following CLIP’s adaptation, we replicated
our implementation on ViT. However, the difference is that our
DP is only modified on the visual side and is not aligned with the
textual side. To ensure the consistency between the two modalities
encoders, our CP is designed on the textual side according to the
prompt design method of CoOp [58] and 𝑃𝑐 replaces the embedding
vectors of “a photo of a". The final input embedding vectors 𝑆 ′ and
the text features 𝑓 ′ can be defined as:

𝑆 ′ =
{
[𝑃𝑐 ; [CLASS]𝑖 ] | 𝑖 ∈ (1, . . . , 𝑌 )

}
, (15)

𝑓 ′ = 𝑇 (𝑆 ′), 𝑆′ ∈ R𝑌×𝑙×𝑑 , 𝑓 ′ ∈ R𝑌×𝑑 . (16)

For each unlabeled sample or labeled sample, we can get its corre-
sponding class tokens mapped by ViT. The operation is based on
Section 3.2 and follows the approach we used on ViT without CP.
We calculate the similarity between 𝑥𝑐𝑙𝑠 and 𝑓 ′ to obtain the logits
𝑞𝑠 , 𝑞𝑤 and 𝑞𝑙 based on Eq. (3), Eq. (4) and Eq. (6). L𝑠 and L𝑢 can
be calculated using Eq. (7) and Eq. (5), respectively. Finally, we only
update 𝑃𝑐 using Eq. (8).

4 Experiment
4.1 Datasets and Experimental Settings
Basic Settings: All experiments are conducted through PyTorch
[31] framework on Ubuntu-20.04.6 with one single GeForce RTX
3090 GPU. To construct training datasets for experiments, we ran-
domly sample one labeled instance from each class in the original
dataset, and the collection of these samples is used as a labeled
training dataset. The remaining samples in the original dataset are
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Table 1: Accuracies on seven datasets for SOTA methods in SSL. The backbone used in the upper part is Wide-Resnet [52], and
the backbone used in the lower part is ViT. Bold indicates the best performance.

Method CIFAR-10 CIFAR-100 ImageNet100 Semi-iNat SVHN SUN397 CUB200 Avg.

Pseudo-label [1] 19.07 3.43 2.98 1.87 18.69 1.43 2.37 7.12
FixMatch [37] 17.36 14.59 5.06 1.76 11.05 2.48 3.53 7.98
MixMatch [2] 25.37 3.90 2.10 1.95 20.36 1.85 1.94 8.21
SoftMatch [6] 49.62 9.30 6.44 3.26 16.56 6.05 4.52 13.68
FullMatch [8] 26.25 20.77 5.96 1.88 12.35 2.76 5.73 10.81
FreeMatch [46] 75.65 15.69 7.04 2.81 18.25 2.94 5.17 18.22

Pseudo-label [1] 19.00 4.97 19.42 2.24 12.07 3.24 2.45 9.06
FixMatch [37] 26.59 10.02 12.56 2.44 9.72 4.58 13.78 11.38
SoftMatch [6] 29.15 5.85 6.22 2.47 10.11 1.86 3.23 8.41
Fine-Tuning Classifier (sup) 52.48 34.17 74.72 20.62 16.22 31.93 41.11 38.75
VPT (sup) [21] 51.54 34.69 74.20 20.70 15.90 30.97 40.59 38.37
FATE (Ours) 85.89 59.55 76.48 23.86 20.97 40.03 56.96 51.96

Table 2: The results for the ablation study on the visionmodel.
If CP is not selected, the class token is used as the classifica-
tion feature.

DP CP CIFAR-100 SVHN SUN397 CUB200

× × 47.61 17.09 35.22 47.78√ × 58.35 17.71 40.29 54.41
× √

48.14 20.21 37.39 50.24
√ √

59.55 20.97 40.03 56.96

used as unlabeled examples. In all implementations, strong augmen-
tation strategies for unlabeled samples are Random Augmentation
[10] including Cutout [13]. The relative weight of the unsupervised
loss 𝜆 is set to 1. During training, we randomly sample batches of
data from the labeled and unlabeled sets. The average results over
three runs with different random seeds are reported.

Vision Model Setting: We use the vit-base-patch16-224 pre-
trained model published on hugging face from TIMM deep learning
library [14, 38, 47] as the feature backbone and evaluate the imple-
mentation of FATE on the vision model on seven visual classifica-
tion benchmarks: (1) CIFAR-10 [24], (2) CIFAR-100, (3) ImageNet100
[12], (4) Semi-iNat [39], (5) SVHN [28], (6) SUN397 [48], (7) CUB200
[43]. We set 𝜇 = 1, 𝐵 = 32, 𝜏 = 0.5 and 𝜃 = 0.95 for training. The
training process is done with SGD [34] and an initial learning rate
of 0.03, decayed by the cosine annealing rule. Both the length of
DP and CP are fixed to 12. The training epoch is set to 10 in the
Adaptation Stage and 50 in the Classification Stage. Experiments
are implemented based on the SSL PyTorch framework USB [45].

Vision-Language Model Setting:We use the ViT-B/16 CLIP
pre-trained model published by OpenAI as the feature backbone
and evaluate the implementation of FATE on the vision-language
model on ten visual classification benchmarks: (1) StanfordCars
[23], (2) SUN397 [48], (3) Food101 [3], (4) OxfordPets [30], (5) DTD
[9], (6) OxfordFlowers [29], (7) FGVCAircraft [26], (8) Caltech101
[15], (9) EuroSAT [17], (10) UCF101 [32]. We set 𝜇 = 16, 𝐵 = 4,
𝜏 = 0.5 and 𝜃 = 0.95 for training. Training is done with SGD [34]
and an initial learning rate of 0.1 when adapting and 0.0025 when
classifying. The length of DP is fixed to 12 while CP is 16. The

training epoch is set to 20 in the Adaptation Stage, and 20 in the
Classification Stage. The results when 𝑘 = 16 are shown, and the
influence of 𝑘 will be discussed in Section 4.4. Experiments are
implemented based on the PyTorch framework Dassl [56, 59].

4.2 Main Results
We compared the performance of FATE on the vision model with
the current SOTA SSLmethods, and the results are shown in Table 1.
It can be seen that FATE achieves SOTA performance on all seven
benchmarks, and FATE can improve the test accuracy by 4.41% to
50.25% compared with SoftMatch. FATE’s accuracy improved by
3.16% to 34.35% compared to directly fine-tuning the vision model
with labeled data. This is because the semantic information from
only one labeled sample is insufficient to train a strong backbone
from scratch. Directly replacing these methods with the vision
model and fine-tuning is not feasible. After all, the vision model
needs more label data to fine-tune from scratch [14]. Directly fixing
the vision model and only fine-tuning a classifier with one labeled
sample also has poor performance due to overfitting.

4.3 Ablation Study on Vision Model
To prove the role of DP and CP, we conducted an ablation ex-
periment on the vision model. We take Fixmatch with VPT (use
Fixmatch to optimize VPT parameters) as the basic method and
gradually add modules. The ablation results are shown in Table 2,
andwe can see that DP plays an important role in improving the per-
formance of FATE while the inclusion of CP further improved the
experimental results. Furthermore, to visually observe the distribu-
tion of classification features, we construct 2D t-SNE visualizations
of the classification features of the CIFAR-10 test set, adding DP/CP
or not. As shown in Fig. 4, the original data feature points would be
highly scattered without DP and CP. The above experimental results
demonstrate that the DP, optimized through contrastive learning,
captures the feature distribution of downstream data. When the
model incorporates the DP for classification tasks, it enhances its
understanding of downstream data. Meanwhile, CP refines class
boundaries, resulting in compact and distinct clusters, further en-
hancing the model’s performance.
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Figure 4: The t-SNE visualization of FATE’s implementation on the vision model for the CIFAR-10 test set. With the inclusion
of DP/CP, the features of data points belonging to the same class cluster together, whereas the original features without DP/CP
remain dispersed.

Figure 5: Test accuracy of FATE implemented on the vision language model on four datasets with different 𝑘 . We performed
ablation experiments on DP and CP. The model performance with DP is already higher than the original CLIP zero-shot, and
with CP, the model performance can be further improved. As 𝑘 increases to a certain extent, the model’s performance tends to
converge or decrease.

Table 3: The results for fine-tuning a classifier (F C) on the
vision model with/without DP using one labeled data.

CIFAR-100 SVHN SUN397 CUB200

F C w.o. DP 34.17 16.22 31.93 41.11
F C w. noisy DP 33.68 14.37 26.76 40.08

F C w. DP 40.61 17.09 35.25 46.92

4.4 Influence on the Value of 𝑘
This section will discuss the influence of 𝑘 on the implementation of
the vision-language model. We set 𝑘 = 1, 2, 4, 8, 16, 32 and use these
pseudo-labeled data sets to train ourDP. Furthermore, we conducted
ablation experiments on DP and CP, examining the impact of DP
and CP on the final predictive performance as 𝑘 varies. As shown
Fig. 5, the prediction effect will be stronger after using DP than the
original zero-shot CLIP. Moreover, incorporating DP during the
Classification Stage to optimize CP further enhances the model’s
performance. This shows that when DP is used for the Classification
Stage, with the prior knowledge from unlabeled data provided by
the DP, the model can perform better in the Classification Stage.
When 𝑘 is very small, the trained DP cannot play a good role, which
also indirectly shows that a certain amount of unlabeled data is
needed to support the training of DP. When 𝑘 reaches a certain
level, due to the decline in the quality of pseudo-labels, the trained

DP will be affected by noise and show a trend of performance
convergence or decline.

4.5 Effectiveness of Fine-tuning with DP
We conducted more experiments on the vision model to prove the
effectiveness of DP as shown in Table 3. The quality of pseudo-
labeling will be improved when the DP is added to pseudo-label
unlabeled data in the Classification Stage. We fixed the DP after
training it in the Adaptation Stage, and then directly used a labeled
sample to fine-tune a classifier and evaluate the model’s perfor-
mance. It was found that the final model performance obtained
when adding DP was better than the performance without DP. This
shows that our DP learned the overall feature distribution of down-
stream data and smoothed the semantic information from only one
labeled data point to alleviate the overfitting phenomenon. Fur-
thermore, we add DP without updating it to illustrate that DP has
indeed learned the feature distribution of downstream data, rather
than simply smoothing the classification boundaries of the model
by adding noise.

4.6 Comparison with Other PEFT Strategies
As for FATE’s implementation on the vision-language model, we
compare it with a wider range of PEFT strategies in one-shot learn-
ing scenarios, including adapter-based approaches: TIP-Adapter-F
[55], CLIP-Adapter [16]; alternative prompt tuning methods on
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Table 4: Accuracies on ten datasets for SOTA methods in other PEFT strategies and FATE’s implementation on the Vision-
Language model. Underlined values indicate suboptimal performance. Aside from GLoRA, CoOp, CoCoOp, MaPLe, and our
experiments, other results are taken from [53].

Method Cars SUN Food Pets DTD Flowers Aircraft Caltech EuroSAT UCF Avg.

CLIP [33] 58.5 62.5 85.9 89.0 44.1 70.7 24.8 93.3 48.3 67.6 64.47

CoOp [58] 67.5 66.8 84.2 90.4 49.7 78.6 16.5 93.3 60.7 72.0 67.96
CoCoOp [57] 68.3 68.6 85.5 91.9 51.5 74.7 27.6 94.2 54.0 71.2 68.75
MaPLe [22] 67.8 68.8 85.8 92.2 50.3 76.1 28.2 94.2 54.7 71.7 68.96
TIP-Adapter-F [55] 67.1 67.2 85.8 90.6 51.6 83.8 28.8 94.0 67.8 73.4 71.01
CLIP-Adapter [16] 65.7 65.4 86.1 89.0 44.2 71.3 25.2 92.0 49.3 66.9 65.51
PLOT++ [5] 68.8 66.8 86.2 91.9 54.6 80.5 28.6 94.3 65.4 74.3 71.14
KgCoOp [50] 66.7 68.4 86.4 92.1 52.7 74.7 26.8 94.2 61.9 72.8 69.67
ProGrad [60] 68.2 67.0 84.9 91.4 52.8 80.9 28.8 93.5 57.0 73.3 69.78
GLoRA [4] 7.9 39.5 30.9 68.5 2.6 87.3 9.2 77.2 12.8 41.0 37.70
TaskRes [51] 68.8 68.1 84.6 90.2 53.8 81.7 31.3 93.6 65.4 71.7 70.92
FATE (Ours) 68.9 68.9 83.1 91.2 53.9 84.9 28.9 94.8 73.6 73.8 72.20

Table 5: Comparison of our method with other SSL methods
fine-tuned on CLIP across four benchmarks. -V/-T means
applying visual/textual prompts as a tuning strategy.

Method DTD EuroSAT Flowers Aircraft Avg.

CPL-V [54] 56.90 76.96 70.85 17.84 55.64
FPL-V [54] 51.15 66.73 69.61 19.76 51.81
GRIP-V [27] 54.57 63.48 67.95 19.43 51.36
CPL-T [54] 57.78 71.81 84.99 20.59 58.79
FPL-T [54] 51.54 63.08 74.87 20.80 52.57
GRIP-T [27] 56.07 58.66 83.60 16.98 53.83
FATE (Ours) 53.93 73.60 84.93 28.87 60.33

CLIP: PLOT++ [5], KgCoOp [50], ProGrad [60], CoOp [58], CoCoOp
[57], MaPLe [22]; improved LoRA [19] variants adapted for vision
tasks: GLoRA [4]; and processes that tune CLIP’s text embeddings
by introducing residual parameters: TaskRes [51]. Experimental
results shown in Table 4 demonstrate that FATE achieves opti-
mal performance on four benchmarks and suboptimal results on
four others among ten evaluated benchmarks, surpassing all other
PEFT methods in overall performance. This superior performance
indicates that our method exploits additional information from un-
labeled data, yielding better results than approaches relying solely
on supervised fine-tuning signals.

4.7 Comparison with Other CLIP-Based SSL
Methods

Furthermore, we compare FATE’s implementation on vision-language
models against alternative SSL approaches employing prompt tun-
ing on CLIP. These methods [27, 54] operate through an iterative
process of screening high-confidence samples via CLIP’s prompt
tuning mechanism and retraining new prompts with the selected
samples. While using identical dataset configurations, we main-
tained all other experimental parameters at their default values as
provided in the authors’ original implementations. As shown in Ta-
ble 5, FATE obtains one optimal and two suboptimal results on four

Table 6: The results for adding DP to the strong augment
branch of the implementation on the vision model.

DP CIFAR-100 Semi-iNat SVHN SUN397 CUB200
√

48.63 23.46 17.10 37.02 46.36
× 59.55 23.86 20.97 40.03 56.96

benchmarks. Notably, our method outperforms the second-best ap-
proach by an average margin of nearly 2 points. This performance
gap highlights FATE’s superior robustness in extremely label-scarce
scenarios, whereas other SSL methods fail to fully leverage this
advantage despite utilizing pre-trained models.

4.8 Discussion on the Position of DP
We experimented by adding DP to the embedding vector group of
the strong augmented view of unlabeled data in the Classification
Stage, and found that the performance shown in Table 6 was worse
than the final result we provided. It is not necessary to add DP to
the branch of the strong augmented view, because the significance
of the strong augmented view is to let the model recognize different
samples of the same class and reduce the inductive bias of the model.
Without DP, the strong augmented view undergoes an additional
augmentation at the embedding vector level compared to when DP
is included. The reason why the DP is involved in the predicted
class distribution mapping of the weak augmented view of the
unlabeled data and the labeled data is that we need the predicted
class distributions of both to be relatively accurate.

5 Conclusion
This paper proposes a two-stage prompt tuning framework called
FATE for pre-trained models to address the SSL problem when
labeled samples are extremely scarce. FATE is adaptable to both
vision and vision-language models. It first uses a large amount of
unlabeled data to help the model adapt to the feature distribution of
the downstream data, then adapts SSL algorithms to suit pre-trained
models, thereby completing the classification task. We demonstrate
the effectiveness of FATE through extensive experiments.
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