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Abstract

Open-World Few-Shot Learning (OFSL) is a crucial research
field dedicated to accurately identifying target samples in
scenarios where data is limited and labels are unreliable.
This research holds significant practical implications and is
highly relevant to real-world applications. Recently, the ad-
vancements in foundation models like CLIP and DINO have
showcased their robust representation capabilities even in
resource-constrained settings with scarce data. This realiza-
tion has brought about a transformative shift in focus, mov-
ing away from “building models from scratch” towards “ef-
fectively harnessing the potential of foundation models to ex-
tract pertinent prior knowledge suitable for OFSL and uti-
lizing it sensibly”. Motivated by this perspective, we intro-
duce the Collaborative Consortium of Foundation Models
(CO3), which leverages CLIP, DINO, GPT-3, and DALL-E
to collectively address the OFSL problem. CO3 comprises
four key blocks: (1) the Label Correction Block (LC-Block)
corrects unreliable labels, (2) the Data Augmentation Block
(DA-Block) enhances available data, (3) the Feature Extrac-
tion Block (FE-Block) extracts multi-modal features, and (4)
the Text-guided Fusion Adapter (TeFu-Adapter) integrates
multiple features while mitigating the impact of noisy labels
through semantic constraints. Only the adapter’s parameters
are adjustable, while the others remain frozen. Through col-
laboration among these foundation models, CO3 effectively
unlocks their potential and unifies their capabilities to achieve
state-of-the-art performance on multiple benchmark datasets.
https://github.com/The-Shuai/CO3.

Introduction

Few-shot learning (FSL) is a valuable area of research that
enable identification in data-deficient and resource-limited
scenarios and has made significant progress (Zhang et al.
2023c,a; Shao et al. 2021b; Guo et al. 2023; Shao et al.
2021a; Zhang et al. 2023b). However, methods that exhibit
exceptional performance in research settings may struggle
when applied to real-world situations. One critical factor is
the overly idealized settings often employed in previous FSL
research, which fail to adapt to the complexities of open-
world scenarios. For instance, most studies assume that the
label information of available data is cleaned, disregarding
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Figure 1: An example of Open-World Few-Shot Learning
(OFSL) as defined by (An et al. 2023). It portrays a scenario
called 2-way 1-shot, where there are two classes, each con-
taining only one available sample. However, these samples
are accompanied by unreliable labels that may include noise.
Noisy labels come from other categories that have appeared
or the unseen class.

the presence of noise or errors commonly found in practical
application scenarios.

To tackle this challenge, (An et al. 2023) proposed Open-
World Few-Shot Learning (OFSL) (see Fig. 1). OFSL is
specifically designed to address the detrimental impact of
noise in training data, which comes from both known and
unseen categories. Compared to traditional weakly super-
vised learning (involves a small number of noisy labels
alongside a large number of clean labels as guidance) and
unsupervised learning (lacks labeled data entirely), OFSL
faces even greater challenges due to its unique circum-
stances. Specifically, when there are only a few training
samples available, especially just one sample per category,
the negative impact of incorrect labeling on the model be-
comes significantly more detrimental than having no label at
all. Therefore, finding effective solutions to the OFSL prob-
lem is of utmost importance. This involves developing tech-
niques and algorithms that can robustly handle noisy labels
and effectively utilize the limited available training samples.

Large-scale image recognition in the open world has been
a prominent research area since 2015 (Bendale and Boult
2015), leading to significant advancements (Joseph et al.
2021; Wang, Ramanan, and Hebert 2019). However, the
development of recognition tasks specifically for few-shot
samples has only recently gained attention. Various strate-
gies, such as metric learning and feature aggregation based
approaches (An et al. 2023; Liang et al. 2022), have been
proposed to enhance representation ability in the presence of
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noisy labels. In more recent times, there has been increasing
interest in foundation models such as CLIP (Radford et al.
2021) and DINO (Caron et al. 2021). These models are pre-
trained on large-scale datasets and possess powerful archi-
tectures, allowing them to retain strong representation capa-
bilities even in scenarios with limited data and finite com-
putational resources. This realization motivates us to shift
the focus from “designing models from scratch” towards
“harnessing the potential and expertise embedded within
these pre-trained foundation models in a sensible manner
to enhance OFSL performance”. Compared to starting with
a blank slate, foundation models undergo extensive valida-
tion and tuning, making them more robust against overfitting
issues commonly encountered in OFSL, while also saving
much time and computational resources.

In this paper, we propose the Collaborative Consortium
of Foundation Models (CO3, see Fig. 2) for OFSL, leverag-
ing the unique capabilities of four foundation models: CLIP
(Radford et al. 2021), GPT-3 (Brown et al. 2020), DINO
(Caron et al. 2021), and DALL-E (Ramesh et al. 2021). Each
model contributes to the consortium’s strength in enabling
cross-modal comparisons, comprehensive description gen-
eration, feature extraction, and image generation. CO3 com-
prises 4 distinct blocks: (1) Label Correction Block (LC-
Block, see Fig. 3) utilizes CLIP, GPT-3, DINO, and DALL-E
to achieve accurate label correction. (2) Data Augmentation
Block (DA-Block) employs DALL-E to generate diverse
samples based on the corrected labels, enriching the avail-
able training data. (3) Feature Extraction Block (FE-Block)
adopts CLIP and DINO to obtain three types of features:
DINO-based image features, CLIP-based image features,
and CLIP-based text features. (4) Text-guided and Fusion
Adapter (TeFu-Adapter, see Fig. 4) is specifically designed
for the OFSL task. It fuses the aforementioned features and
utilizes the semantic modality information of the samples to
constrain the adapter’s parameters. This approach effectively
mitigates the impact of noise labels on the model. By incor-
porating these four blocks, CO3 offers a comprehensive and
robust solution to the challenges faced in OFSL.

Our main contributions are summarized as follows:

e We propose COs, which effectively leverages the poten-
tial and prior knowledge of foundation models to en-
hance OFSL performance.

* We introduce TeFu-Adapter, a specially designed mech-
anism that reduces the negative impact of noisy labels
during the adapter updating stage.

¢ We extensively evaluate CO3 on multiple benchmark
datasets, demonstrating significant improvements com-
pared to other state-of-the-art (SOTA) methods.

Related Work

Foundation Models Recently, research on foundation
models is in full swing. Here, we introduce four models used
in our paper: GPT-3 (Brown et al. 2020) is a Transformer-
based language model that captures statistical patterns and
structures in language. It predicts the next word in a sen-
tence to understand contextual relationships, enabling it to
excel in tasks like machine translation and text completion.
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CLIP (Radford et al. 2021) is a versatile vision and language
model that aligns image and text representations in a shared
latent space. It uses contrastive learning to maximize agree-
ment between matching pairs of image-text inputs while
minimizing agreement between non-matching pairs. CLIP
learns to understand concepts and relationships across dif-
ferent modalities by training on large datasets with diverse
images and text. DALL-E (Ramesh et al. 2021) is a powerful
generative model that synthesizes highly diverse and realis-
tic images from textual descriptions. Through an encoder-
decoder architecture, DALL-E encodes natural language de-
scriptions into latent vectors, which are then used by the de-
coder to generate corresponding images. DINO (Caron et al.
2021) is an unsupervised learning framework consisting of
teacher and student networks. The teacher network encodes
data into high-dimensional representations, which the stu-
dent network aligns with through contrastive learning. By
leveraging the teacher-student framework and contrastive
loss, DINO enhances unsupervised representation learning,
applicable to tasks like classification and object detection.

Open-World Few-Shot Learning Since 2015, open-
world object recognition (Bendale and Boult 2015, 2016)
gained attention by detecting open sets and managing many
samples. Now, researchers focus on solving recognition
problems in scenarios with limited data, leading to OFSL
(An et al. 2023; Willes et al. 2023). There’s a focus on how
noisy labels affect seen and unseen classes. OFSL, akin to
weakly supervised learning but with few samples, differs
from robust few-shot learning (Lu et al. 2021) by addressing
label noise from both visible and unseen classes. In contrast
to conventional approaches like metric learning (An et al.
2023), instance reweighting (Lu et al. 2021), and feature
aggregation (Liang et al. 2022) commonly used to tackle
this challenge, this paper introduces a pioneering alternative
method that harnesses the power of foundation models to
effectively overcome the hurdles associated with OFSL.

Foundation Solutions on Few-Shot Learning In the field
of FSL, several notable works have emerged, harnessing
the capabilities of foundation models to achieve remarkable
progress. For examples, Tip-Adapter (Zhang et al. 2022) is a
training-free method for enhancing CLIP’s few-shot classifi-
cation by constructing an adapter through a key-value cache
model, updating the prior knowledge encoded in CLIP via
feature retrieval; CaFo (Zhang et al. 2023c) leverages lin-
guistic prompts from GPT, synthetic images from DALL-
E, and a learnable cache model to blend predictions from
CLIP and DINO, achieving advanced performance by har-
nessing the potential of various pre-trained methods. More-
over, many follow-up works (Guo et al. 2023; Zhou et al.
2022; Guo et al. 2023; Zhu et al. 2023; Roy et al. 2022; Cui
et al. 2023; Rong et al. 2023; Palanisamy et al. 2023) also
make significant contributions to the research community.
The research work that greatly inspired us is CaFo. How-
ever, there are three key differences between CaFo and COs:
(1) CaFo mainly focuses on general situations and overlooks
the open-world case, while our approach takes into account
both scenarios; (2) The overall structure of our CO3 differs
significantly from CaFo’s. (3) Moreover, unlike CaFo, which
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Figure 2: The flowchart of our Collaborative Consortium of Foundational Model (CO3).

uses a mature Tip-Adapter for model adjustment, COg incor-
porates a task-specific TeFu-Adapter designed to precisely
meet the requirements of the task. This tailored adaptation
enables our entire pipeline to operate more effectively.

Problem Setup

Few-Shot Learning In the standard FSL, the base set
Dyrase contains a large amount of labeled data, which is used
to pre-train a feature extraction model for downstream tasks.
The novel set D,,,yc; is the general term for all the data in
the downstream tasks, and it is divided into support set S and

query set @, where SN Q = 0.8 = {(x;, yi, ;) fV:XIK con-
tains a few labeled data, and the Q = {(z;,y:, 1)} A !

is the to-be-tested data, where x; denotes the image sample,
y; € L represents its label, t; € 7T is its category name; £
and T are the label and category name sets; N is the number
of classes in S, K is the number of samples per class, they
are usually called N-way K-shot, and M is the number of
samples in Q. FSL aims to use only a few support samples
to accurately recognize the categories of query data.

Open-World Few-Shot Learning. Compared to the FSL,
OFSL is a more difficult but more valuable task for prac-
tical applications. Its goal is to efficiently identify the
query categories under the premise that the support labels
are subject to random contamination and lack reliability.
S = {Scleanasnoise iV:>iK’ where Sclean = {(:Ciayiyti)}s
Snoise = {(zi,y;5,t5)} y; € L is the noise label, indicat-
ing that the ¢-th image belongs to class-¢, but is erroneously
labeled as class- j t; € 7T denotes the corresponding noise

category name. £ and T denote the noise label set and the
category name set. The samples’ noise labels come from
other categories that have appeared in the support set, or the
unseen class. In the training stage, we do not know which
sample’s label is the noise label.

Methodology

Overview Unlike conventional OFSL approaches that rely
on additional base data to train a feature extractor, this paper
takes a different approach by directly utilizing frozen foun-
dation models (CLIP, DINO, DALL-E, GPT-3) and incor-
porating our specially designed adapter. The training frame-
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work for 3-way I-shot recognition is illustrated in Fig. 2. It
involves the following steps:

* Feeding the support data into the Label Correction Block
(LC-Block) to clean the data’s noisy labels. The LC-
Block consists of parameter-frozen foundation models,
namely CLIP, DINO, DALL-E, and GPT-3.

* Sending the corrective data to the Data Augmentation
Block (DA-Block) to get more abundant training data.
This block is also frozen and uses the DALL-E model.

* Inputting the cleaned original data and augmented data to
the Feature Extraction Block (FE-Block) to obtain three
kinds of features, which are: (1) the image feature ex-
tracted by DINO encoder; (2) the image feature extracted
by CLIP’s image encoder; (3) and the text feature cor-
responding to the image’s category name extracted by
CLIP’s text encoder. All the models are frozen.

* Fusing these features with our designed Text-guided and
Fusion Adapter (TeFu-Adapter) and realizing the classi-
fication. The TeFu-Adapter is the only block that needs
fine-tuning in the pipeline.

In the inference stage, we only need the FE-Block and
TeFu-Adapter to achieve classification.

Label Correction Block We design a two-pronged LC-
Block and illustrate its flowchart in Fig. 3.

The first branch combines DALL-E with DINO to achieve
an initial label correction result, which involves three stages:
(1) We input the category names of support data (may con-
tain incorrect labels) into the DALL-E model, which gen-
erates new images based on these names. Then, we extract
features from these generated images using DINO. By aver-
aging these features, we obtain pseudo prototypes for each
image class. (2) Simultaneously, we utilize DINO to directly
extract features from the original support images. (3) We
next calculate the similarity between these extracted features
and the prototypes obtained earlier. This enables us to deter-
mine a coarse-grained label for each image based on their
feature similarities. The process can be formulated as:

Fo. = Prototype (Mdino (Mda”e (7’))) (1)
Faino = Maino (X) (2)
Ui = (Faimo)"F,,,, (3)
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Figure 3: The flowchart of Label Correction Block (LC-Block). It comprises three steps: (1) Firstly, we generate new samples
using DALL-E based on category names. Then, we use DINO to extract features from both the generated and original images.
Next, we compute prototypes for each class using the generated data. Predictions are made by comparing the similarity between
the original features and the prototypes. (2) In parallel, we use GPT-3 to capture descriptions of different categories. These
descriptions are inputted into the CLIP text encoder to obtain encoded representations. Simultaneously, the original images
are processed using the CLIP image encoder to extract distinctive features. Predictions are made by comparing the similarity
between image features and the encoded category descriptions. (3) Labels are corrected based on the results from steps (1) and
(2). All models remain frozen without further updates during the training process.

where M gq11e and M g;,,, denote the frozen DALL-E and
DINO; Prototype is the operator to compute the pseudo
prototypes for all classes of generated images; &' is the set of
original images; F/). € R¥"*N is the prototype features,
dim denotes the dimension, and N represents the length of
the noise support label set; ]?‘d,;m € R4mXNK indicates the

original image features; U; € RVEXN denotes the similar-
ity matrix between the original images and the prototypes.

The second branch utilizes GPT-3 and CLIP for cross-
modal comparisons, combining visual and textual informa-
tion, which also has three components: (1) Initially, we use
GPT-3 to generate comprehensive descriptions for the cat-
egory names in the support set. Then, we employ CLIP’s
text encoder to encode these descriptions, obtaining infor-
mative text representations for each class. This step captures
detailed textual information that accurately describes each
category. (2) Next, we extract features from the original sup-
port images using CLIP’s image encoder. This enables us to
capture the visual characteristics and details of each sample.
(3) Following, we calculate the similarity between the text
features obtained from the class names and the image fea-
tures derived from the original support set. By measuring the
similarity between these two sets of features, we establish a
meaningful correspondence between the textual descriptions
and the visual content. This allows us to refine and validate
the labels associated with the support set samples accurately.
We formulated the process as:

F Eﬁ-pm = MC”ptez (Mgpt (7-)> 4
Fotipiny = Metipi, (X) )

Uy = (Fatip,,.,) " Filip,... (6)
where Mg, Meiip,,,» and Meiip,,,, denote the frozen
GPT-3, CLIP’s text encoder and CLIP’s image encoder;

Fo € RN indicates the features of textual cate-

gory names; Fip,,. € RU™NE indicates the original

image features; Uy € RVYEXN denotes the similarity ma-
trix between the original images and the class names.

Then we combine the results from both branches, con-
sidering their strengths and weaknesses. This integrated ap-
proach guarantees a dependable and comprehensive solu-
tion, resulting in more accurate and comprehensive results.
The process can be summarized as follows:

p= Softmax(fjl + aﬂz) @)
L, T = Refinement(p, B) (8)

where p represents the probability that a sample belongs to
a specific class; £ and 7 denote the sets of corrective labels
and category names, respectively. o and (3 are the hyper-
parameters; Refinement is a sampling process to correct
labels, which is outlined below: (1) If the predicted result
aligns with the given label, we consider the label to be cor-
rect. (2) In cases of inconsistent predictions and given labels,
we assess the prediction probability. If it surpasses a thresh-
old (58), we adopt the predicted label as the ground-truth la-
bel. (3) However, if the prediction probability falls below
this threshold (3), we retain the original label as the ground-
truth label. This approach ensures accurate label correction
by considering the confidence of predictions while respect-
ing the initial labeling information.
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Data Augmentation Block. DA-Block tackles the limited
training data challenge in FSL tasks by expanding and en-
riching the available data. Similar to LC-Block, DA-Block
utilizes DALL-E to generate image information from cate-
gory names. However, the key difference is that the category
names provided as input in DA-Block have undergone la-
bel correction. To optimize efficiency, DA-Block only gen-
erates non-overlapping category images between sets T and

7. This eliminates redundancy and allows direct access to
the remaining images from LC-Block, maximizing com-
putational resource utilization. By incorporating DA-Block,
we overcome data scarcity in FSL task by augmenting and
diversifying support samples. This augmentation enhances
the model’s generalization ability and performance on query
data. The augmented data set is denoted as X'**“9, which can
be formulated as:

X = Mdalle(T) (9)

Feature Extraction Block. FE-Block is a crucial compo-
nent responsible for extracting essential features from both
the original cleaned data and augmented data. It generates
three types of features: (1) The DINO encoder is used to
extract image features, capturing visual characteristics and
patterns for subsequent analysis and classification.; (2) The
CLIP’s image encoder is employed within the FE-Block to
extract rich representations of the visual content in the im-
ages, enhancing a comprehensive understanding of their vi-
sual attributes; (3) FE-Block also utilizes CLIP’s text en-
coder to extract text features from category names associ-
ated with the images. This process enhances semantic un-
derstanding and facilitates alignment with their respective
classes. We formulate the process as:

G = Metipes (Mo (7)) (10)
Fclipimg = Mclipimg (Xa Xaug) (l 1)
Fdino = Mdino (X7 Xaug) (12)

cn dimx N
where Fc”pm e R

tive textual category names; N represents the length of the
corrective support label set; Fepip,,, € Réimx(NK+NK')
denotes the original and augmented CLIP features; K’ de-
notes the augmented shots per class by DALL-E; F 4;,,, €

RAm*(NK+NE")  denotes the original and augmented
DINO features. By combining these three types of extracted
features, the FE-Block enables a holistic representation of
both the visual and textual aspects of the data. These fea-
tures serve as valuable inputs for subsequent classification.

indicates the features of correc-

Text-guided Fusion Adapter. In light of the preceding
operations, we have successfully extracted three significant
features from DINO and CLIP. The focus of this section
is to maximize the utilization of this diverse information
while mitigating the detrimental impact of label noise. To
accomplish these goals, an innovative approach called TeFu-
Adapter is introduced (see Fig. 4). TeFu-Adapter utilizes
a simple multilayer perceptron (MLP) to fuse the visual
features extracted from DINO and CLIP’s image encoders.
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Figure 4: The flowchart of Text-guided Fusion Adapter
(TeFu-Adapter).

The fusion process enables the computation of logits by di-
rectly incorporating the corrective labels. Leveraging this
approach, the TeFu-Adapter ensures seamless integration of
visual information from both encoders, facilitating precise
calculations and predictions. We define this step as follows:

lOgitSl = Mtefu(Fclipi,,Lg7Fdino) (13)

where M.y, denotes the TeFu-Adapter, logits;
RINK+NK)xN

S

Furthermore, acknowledging the potential presence of er-
rors in the corrective labels, the TeFu-Adapter incorporates
the text encoding of each category to guide the calculation
of image features and get the corresponding logits. By in-
corporating semantic information derived from the category
names, the TeFu-Adapter diminishes reliance on potentially
erroneous labels, enhancing the approach’s robustness. We
formulate this step as:

cn
cliptex

logitss = (Faip,,) ' F (14)

where logits, € RINE+NEK)xN,

Finally, the TeFu-Adapter merges the two sets of logits
and calculates the cross-entropy loss. By skillfully leverag-
ing the TeFu-Adapter to seamlessly integrate textual and vi-
sual information while mitigating label noise, this method-
ology bolsters the robustness and precision of the learning
process. We formulate this step as:

logits1 ®Ologitsa—1)

15)
(16)

logits = logitss + Ae®(
loss = CrossEntropy (Softmax (logits))

where logits € R(NK“VK/)XN; ©® denotes the Hadamard
inner product; A and w are the hyperparameters.

Experiments

Datasets We evaluate the performance of our methods
on multiple well-known publicly available datasets: Ima-
geNet (Deng et al. 2009), OxfordPets (Parkhi et al. 2012),
Caltech101 (Fei-Fei, Fergus, and Perona 2004), Food101
(Bossard, Guillaumin, and Van Gool 2014), Sun397 (Xiao
et al. 2010). We follow CaFo (Zhang et al. 2023c) and APE
(Zhu et al. 2023) to train our models using 1, 2, 4, 8, and 16
labeled samples per class from the support set, and then test
them on the entire query set. We introduce varying propor-
tions of noisy labels to the support data in each dataset.
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Methods Time Noisy Label Proportion
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
CoOp (Zhou et al. 2022) 45min  57.15 60.04 57.15 56.58 5590 50.70 40.80 3691 2271 944 457
Tip-Adapter-F (Zhang et al. 2022) 1min  61.32 60.67 6035 59.97 59.86 59.00 5994 5892 5832 5735 5773
CLIP-Adapter (Gao et al. 2023)  2min 6120 59.21 5745 55.19 53.07 51.94 5044 4590 3891 17.74 18.85
CALIP-FS (Guo et al. 2023) 20min 6135 58.07 57.56 56.86 57.07 5623 57.07 56.08 58.08 57.56 58.07
CaFo (Zhang et al. 2023c) 7min  63.80 61.53 60.16 59.99 59.78 58.70 58.64 57.98 5852 58.82 59.03
APE-T (Zhu et al. 2023) Imin 6250 5843 57.00 51.02 54.04 5290 51.72 5153 51.17 50.80 50.20
COs3 (Ours) 7min  63.07 63.03 63.06 62.86 62.65 62.72 62.71 62.61 6243 62.50 62.58
Table 1: 1-shot accuracy (%) of methods on ImageNet. Time denotes the training time on one A100 GPU.
Implementation Our approach integrates GPT-3, DALL- 66 ImageNet 67 ImageNet
E, CLIP, and DINO. GPT-3 is responsible for generating iy ] S e e
category descriptions, while DALL-E generates images for go0l 3 oy p——————————
each category. We directly adopted the design of CaFo. CLIP o \*\\v sef -
and DINO serve as feature extractors. We use ResNet50 as Ssa e E‘Ef;f’Ad . 55 1 e gfgida o
the backbone for CLIP. The TeFu-Adapter, comprising two B2 e 52 T Cauere
linear layers, is initialized using Kaiming initialization. We g;‘g B Zi:;’sdaptef* \’4 * - Egéﬁdapfe”
set the initial learning rate to 0.001 and employ AdamW as 20 APET © APET
the optimizer, along with CosineAnnealingL.R as the sched- 15| —— cosours) 43 —* COs(Ours)

uler. During training, the data undergoes operations such as
random cropping, random flipping, and normalization, with
a batch size of 256. For testing, we use a batch size of 64. To
introduce noise in the labels, incorrect labels are randomly
assigned to support samples.

Performance on ImageNet We compare foundation
model based methods utilizing frozen foundation models
with added adapters for fine-tuning, including CoOp (Zhou
et al. 2022), Tip-Adapter (Zhang et al. 2022), CLIP-Adapter
(Gao et al. 2023), CALIP-FS (Guo et al. 2023), CaFo (Zhang
et al. 2023c), and APE-T (Zhu et al. 2023).

Tab. 1 and Fig. 5(left) present the results under 1-shot con-
ditions with varying proportions of noisy labels. Fig. 5(right)
shows the results with a fixed noisy label ratio of 0.3 and
varying numbers of available samples per class. Based on
our observations, the following conclusions can be drawn:
(1) COj3 surpasses other SOTAs in the open-world setting,
delivering outstanding performance even when the noise ra-
tio reaches 100%. Furthermore, it maintains low compu-
tational costs, achieving an advantageous balance between
performance and efficiency. (2) In the 1-shot setting with
0.3 noisy label proportion, CO3 achieves a remarkable re-
sult of 62.86%, surpassing all comparison methods across
16-shots. (3) For most methods, an increase in available sup-
port data does not significantly enhance model performance
due to the negative impact of noisy labels. In fact, many
methods experience performance degradation. However, our
method is robust to noise-induced variations. These findings
demonstrate that our COj3 effectively and stably addresses
the OFSL problem.

Performance on Other Datasets To rigorously evaluate
the robustness of our COg across different scenarios, we
conducted extensive testing on 10 additional datasets. The
experimental results for OxfordPets, Caltech101, Food101,
and Sun397 can be found in Fig. 6. Upon observing the re-
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Figure 5: Performance (%) Comparison on ImageNet.

sults, our method consistently exhibits leading performance
across multiple datasets in open-world cases, reaffirming its
exceptional robustness. This impressive performance is at-
tributed to two key factors: the collaborative utilization of di-
verse foundation models and the design of specific adapters.
The consistent superiority of our method over alternative ap-
proaches highlights its distinct advantage in effectively tack-
ling the OFSL challenge.

Ablation Study We conduct ablation studies and list the
results in Tab 2,3 to assess the efficiency of different blocks.
(1) LC-Block serves a dual role in the pipeline. It can act
as an auxiliary module to assist in achieving the final classifi-
cation, or it can independently leverage the foundation mod-
els for classification purposes. From Tab. 2, we observe that
directly using the LC-Block for classification yields unsatis-
factory results (line @). However, employing it as an auxil-
iary module and making decisions based on thresholds leads
to improvements of at least 1.8% (lines @ and ®). These
observations highlight the effectiveness of utilizing the LC-
Block in a complementary manner within the pipeline.

(2) DA-Block plays a vital role in effectively expand-
ing few-shot data by leveraging the prior knowledge of the
DALL-E model. The results of lines @ and ® in Tab. 2 em-
phasize the significance of the DA-Block, as it can lead to a
notable improvement of approximately 1.2% in OFSL task.

(3) FE-Block works in conjunction with the TeFu-
Adapter, seamlessly integrating CLIP and DINO to collect
two different types of features. By examining lines @ and ®
in Tab. 2, it is evident that utilizing fusion features improves
accuracy by 3.5% compared to solely relying on CLIP fea-
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Figure 6: Performance (%) comparison on other datasets.

FE
CLIP DINO

TeFu
logitsy

NLP
0.3

61.14
61.02
61.69
59.32
31.05
62.86

LC DA

logitss

SENENENEEN
SNEENENEN
SN
SNEENENEN
SN NN

v
v
v
v

Table 2: Ablation study (%) of different blocks on ImageNet
with 1-shot case. NLP is short for Noisy Label Proportion.

Adapters NLP

0.1 0.3 0.5 0.7 0.9
w/o Adapter 20.62 15.17 15,56 13.17 1592
Tip-Adapter 61.00 59.45 58.24 5641 52.29
CLIP-Adapter 59.97 56.33 52.73 43.21 30.08
TeFu-Adapter 63.03 62.86 62.72 62.61 62.50

Table 3: Ablation study (%) of different adapters on Ima-
geNet with 1-shot case. All comparison methods adopt our
model architecture but utilize different final adapters. NLP
is short for Noisy Label Proportion.

tures. Moreover, relying exclusively on DINO features (lines
® and ®) results in a significant drop in accuracy to around
30%. These findings emphasize the importance of integrat-
ing both CLIP and DINO features through FE-Block.
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(4) TeFu-Adapter has proven to be effective in facilitat-
ing multimodal fusion, as discussed in relation to the FE-
Block above. To further demonstrate its superiority, we con-
duct a comparison with classic Tip-Adapter, CLIP-Adapter
structures, and the absence of any adapters. Results are pre-
sented in Tab. 3. Significantly, the TeFu-Adapter outper-
forms other adapters consistently, achieving improvements
ranging from 2% to 10% under various noise conditions.
Additionally, the introduction of text guidance in the TeFu-
Adapter mitigates the impact of noise, resulting in minimal
fluctuations when noise is introduced. These observations
highlight the notable advantages of the TeFu-Adapter, show-
casing its ability to enhance performance and maintain sta-
bility even in the presence of noise.

Conclusion

To tackle the challenge posed by OFSL, we introduce
COs, an innovative approach that leverages prior knowledge
within foundation models. Extensive experiments on multi-
ple datasets have demonstrated its efficacy. Looking ahead,
our forthcoming endeavors will be concentrated on two piv-
otal areas: (1) We plan to expand the scope of OFSL by ad-
dressing a wider range of practical tasks beyond what has
been studied in this paper. This will enable us to bridge
the gap between research and real-world applications. (2)
While acknowledging the foundation model’s accomplish-
ments, we are committed to delving into the underlying
causes behind its occasional underperformance, thereby un-
locking the untapped potential of the foundation model and
bolstering its overall effectiveness.
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