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Abstract

In this study, we investigate the task of data pre-selection, which aims to select
instances for labeling from an unlabeled dataset through a single pass, thereby
optimizing performance for undefined downstream tasks with a limited annotation
budget. Previous approaches to data pre-selection relied solely on visual features
extracted from foundation models, such as CLIP and BLIP-2, but largely ignored
the powerfulness of text features. In this work, we argue that, with proper design,
the joint feature space of both vision and text can yield a better representation
for data pre-selection. To this end, we introduce UP-DP, a simple yet effective
unsupervised prompt learning approach that adapts vision-language models, like
BLIP-2, for data pre-selection. Specifically, with the BLIP-2 parameters frozen,
we train text prompts to extract the joint features with improved representation,
ensuring a diverse cluster structure that covers the entire dataset. We extensively
compare our method with the state-of-the-art using seven benchmark datasets in
different settings, achieving up to a performance gain of 20%. Interestingly, the
prompts learned from one dataset demonstrate significant generalizability and can
be applied directly to enhance the feature extraction of BLIP-2 from other datasets.
To the best of our knowledge, UP-DP is the first work to incorporate unsupervised
prompt learning in a vision-language model for data pre-selection.

1 Introduction

Data-efficient machine learning, which aims to identify the best subsets of data samples (to either
label or not) in order to achieve optimal model performance, has been a crucial research field in the
era of data-hungry deep learning [12, 31} 24} 40, 9]. In this work, we focus on a new and practical
task of data pre-selection for data-efficient visual object recognition (Fig[T}a). The goal of data
pre-selection is to select instances for labeling from an unlabeled dataset through a single pass to
maximize model performance for unknown downstream vision tasks (e.g., no knowledge about
prediction categories, shown in Fig[T}b), given a limited annotation budget. This task is motivated
by two practical needs: at the data acquisition stage, we want to collect minimal data to support
potentially diverse downstream tasks (e.g., classification, action recognition, or even detection for
videos or images in Fig[T}b) and training paradigms (e.g. active learning, semi-supervised learning,
supervised learning in Fig[T}c); at the annotation stage, we aim to achieve good performance with
fewer human annotations over the pre-selected data.

Traditionally, to tackle the challenge of data efficiency learning, there are two main approaches:
Semi-supervised learning (SSL) [3} 135} 21]] and Active Learning (AL) [34, [10} 2]. SSL aims to
address the problem of label scarcity by leveraging a limited quantity of labeled data in conjunction
with a more abundant pool of unlabeled data to enhance the model’s performance. By contrast, AL
approaches start with an initial set of labeled data and select the most informative data point to label
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Figure 1: Our data pre-selection (a) is a novel task in data efficiency learning, and different from
previous tasks, such as semi-supervised learning and active learning, which needs both seed labels
and downstream task information (c). Our intuition is demonstrated by the UMAP visualization (d) of
the features extracted from BLIP-2 on the OxfordPets training dataset, with each color representing
the ground truth. It is evident that BLIP-2 with an appropriate prompt (purple box) can provide
visually superior multimodal features compared to unimodal features (green box), which can serve as
a good starting point for data pre-selection.

in an effort to maximize model performance with a limited label budget. However, existing AL
methods need an initial labeled set to begin with and need to train a series of models.

Nonetheless, the task of data pre-selection poses some unique challenges that SSL and AL, as
mentioned above, fail to adequately address. In data pre-selection, we do not have initial labeled data
or know the specific downstream task. Take object detection as an example: we do not know what
categories of objects need to be detected. However, both current SSL and AL methods need both
initial labeled data and specific learning tasks. Therefore, this requires a method to select diverse and
representative instances to cover the entire dataset with a minimum number of required labels. To
achieve this, it is essential to acquire semantically meaningful, high-quality features.

Fortunately, recent advances in foundational Vision-Language (V-L) models, such as CLIP [32] and
BLIP-2 [23], hold significant promise in addressing this problem. These models acquire compre-
hensive semantic knowledge by learning from a vast collection of image-text pairs. Consequently,
they possess the ability to extract meaningful features from diverse input modalities. While there
exists a numerous of studies that adapt V-L models for various tasks like few-shot classification [48]],
semi-supervised learning [46], and selective labeling [40Q], they often place emphasis on unimodal
features, primarily vision, and inadvertently overlook the potential contributions of multimodal
features encompassing both vision and language.

In this paper, we argue that by carefully designing the prompt, the multimodal features extracted
by V-L models can offer a more powerful representation for data pre-selection. Figure[T]illustrates
the unimodal and multimodal feature representations obtained from BLIP-2, with different colors
representing various ground truth labels. In particular, when the class information of downstream
tasks is unknown, the unimodal features become mixed, making it challenging to identify specific
classes. In contrast, when coupled with an appropriate prompt, multimodal features exhibit a
more scattered and distinct distribution, allowing for improved discrimination among classes. This
enhanced discrimination is crucial in helping users identify the most representative and diverse
instances during the data pre-selection process.

However, the process of designing an appropriate prompt can be demanding and time-consuming,
often requiring trial and errors [48]]. Moreover, current automatic prompt learning approaches
[48,147, [19] typically rely on a small set of labeled or pseudo labeled data, making them impractical
for data pre-selection when the downstream tasks are undefined. To address this challenge, we
propose a novel approach: pure unsupervised prompt learning, which aims to enhance the multimodal
features extracted from V-L models for data pre-selection. Our contributions include:

* We introduce UP-DP, an innovative Unsupervised Prompt learning for enhanced Data
Pre-selection in Vision-Language models. To the best of our knowledge, UP-DP is the



pioneering work that incorporates unsupervised prompt learning in a vision-language model
specifically for data pre-selection.

* We demonstrate the robust generality of the learned prompt across different datasets, which
significantly enhances feature extraction when applied in a plug-and-play manner.

* We extensively benchmark our method using various architectural settings, achieving supe-
rior performance compared to other competitors on 7 image classification datasets.

2 Related Works

2.1 Data Efficiency Learning

Semi-supervised Learning (SSL) combines labeled and unlabeled data to enhance learning, and can
be seen as unsupervised learning with added labeled data. SSL approaches are divided mainly by
how they leverage large amounts of unlabeled data. Consistency Regularization methods [33}42]
maintain model output stability under realistic perturbations like data augmentation, with UDA [42]]
being an example that extends supervised data augmentation to boost SSL performance. Pseudo-
labeling methods [4! 141} 5] use high confidence model predictions to generate pseudo-labels for
unlabeled data, training them jointly with labeled data. For example, SoftMatch [5S]] addresses the
quantity-quality trade-off in pseudo-labeling using a truncated Gaussian function to weight samples by
confidence. Transfer learning-based methods such as SimCLRv2 [6] involve supervised fine-tuning
after unsupervised pre-training on unlabeled datasets, demonstrating the effectiveness of large models
for SSL.

However, the success of these methods is based on the assumption of stratified sampling [4} 35I],
which requires equal sampling of each known class, a constraint that is often unattainable in practice.
More importantly, our data pre-selection task even does NOT have any assumption for downstream
tasks and also does NOT know any information about class categories.

Active Learning (AL) actively selects high-value instances for labeling during the iterative training
process to enhance predictive performance, offering a realistic alternative to the stratified sampling
setting of SSL. AL strategies generally fall into two categories: (1) methods [15} 44] that select
informative instances using a scoring function such as uncertainty and (2) methods [34} i43] that
choose diverse instances representing the dataset’s domain. Some research [30, [1]] addresses both
aspects, such as ALFA-Mix [30]], which evaluates label variability for perturbed instances and ensures
diversity by clustering and selecting centroids.

However, current AL methods have limitations. They often require an initial labeled set, which is
inefficient in low-label settings, and involve multiple rounds of labeling and training with a human
annotator, making the process time-consuming. On the other hand, the requested labels are tightly
associated with the training objective, necessitating distinct instances for each task. In contrast, our
data pre-selection task aims for single-pass labeling applicable to any future, unknown downstream
task, minimizing human effort and overall cost.

Unsupervised Selective Labeling (USL) [40] is the most relevant approach to ours. They proposed
an SSL pipeline that avoids the unrealistic setting of stratified sampling. Specifically, they first apply
unsupervised feature learning (e.g., MoCov2 [7]]) to map data into a discriminative feature space.
Then, they select instances for labeling for maximum representativeness and diversity in a single
pass. Finally, with a strong initialization from the first step, they apply SSL to the labeled data and
the remaining unlabeled data. Although their method achieves great performance and even beats
stratified sampling in some settings, it is not suitable for data pre-selection. Using the same model
and weights for both the selection step and the downstream task step is not a valid assumption.

2.2 Vision-Language Foundation Models

Vision-language models, pre-trained on large-scale image-text pairs, excel in visual representation
learning. A taxonomy of V-L models [20] can be based on two aspects: (1) the expressiveness of both
modalities in terms of parameters and computation, and (2) the extent of interaction within a Deep
Neural Network (DNN). Early Visual Semantic Embedding (VSE) models, such as VSE++ [[13] and
SCAN [37]], use separate feature extractors for image and text modalities, with the image extractor
being more complex. They represent similarity using dot products or shallow attention layers.



Figure 2: An Overview of Our Approach. (a) work ow for data pre-selection, (b) training process for
unsupervised prompt learning, and (c) generalization of learned prompts across various datasets.

In contrast, CLIP[B2] uses comparably complex feature extractors (transforr@8$ for each
modality but maintains a shallow interaction. Recent mod&0s22, [39] use deep transformers

for inter-modal interactions, enhancing performance in complex vision-language tasks. However,
pre-training becomes computationally expensive with large feature extractors and interaction models.
BLIP-2 [23] introduces a querying transformer (interaction) that utilizes pre-trained image and
language models and captures robust interaction between the image and text. The interaction of two
modalities allows us to effectively manage the multimodal features extracted from the V-L model
merely by modifying the input text (prompt). However, determining the optimal prompt for data
pre-selection remains an open question. In this work, we designed a novel approach of generating
text prompts to extract multimodal features without any additional information.

2.3 Adaptation of Vision-Language Foundation Models

Recent advances in multimodal pre-training models have shown great success in classic vision tasks
[32], prompting interest in more ef cient adaptation models.

To avoid the time-consuming process of ne-tuning an over-parameterized V-L model, two main
strategies have recently gained popularity: (1) V-L Adapt#6s45], and (2) Prompt learning, 19].

The rst category of adapters methods, like CLIP-Adapt] [and Tip-Adapter 45], introduce
lightweight networks to learn re ned features for classi cation tasks. On the other hand, @&Dp [
proposes a continuous prompt optimization strategy for image recognition, inspired by pre x-tuning
for language modelsl[7]. However, these methods, including Unsupervised Prompt Learning (UPL)
[19], mainly target classi cation tasks and require labels or pseudo labels, making them ill-suited for
data pre-selection tasks.

Our work differs from existing literature as we approach downstream tasks with zero prior knowledge.
We demonstrate the adaptation of the V-L model to extract superior features in an unsupervised
manner.

3 Methodology

An overview of our approach is shown in Figure 2. First, we formally de ne the data pre-selection
task. Next, we provide brief reviews on BLIP-2 and present our unsupervised prompt learning



framework, which assists BLIP-2 in extracting improved multimodal features for data pre-selection.
Finally, we describe how to use the adapted BLIP-2 to select instances for downstream tasks.

3.1 Data Pre-selection

Figure 2a, shows the data pre-selection work ow. Suppose that we have an enormousRiataset
consisting ofd instances and an annotation budgelt dur task is to seledt(l  d) instances for
labeling, so that unde ned downstream tasks trained on such a partially labeled dataset produce the

best performance. Formally, 1Bt = (x;; yi)id:1 denoted pairs of the image; and its class label

yi (yi = ? if the label is unknown). LeD| denote a sizé subset oD with known class labels.

Our goalisto seledd,. D to acquire class labels, in order to maximize the performance of an
unde ned model trained on labeled dd¥a with or without unlabeled datB, = D nD_ . Our data
pre-selection task is challenging, as we do not have any labels to begin with. This means we do NOT
know what information will make the unde ned downstream task perform the best. Our idea is to
selectl instances that are not only representative but also diverse enough to cover the entire dataset,
preventing premature loss of valuable information prior to label acquisition.

The process depicted in Figure 2a illustrates the detailed data pre-selection process by extracting high-
quality and semantically signi cant features. These features facilitate the clustering of all unlabeled
images into well-structured groups. Subsequently, we select the most representative instance from
each cluster for labeling. This strategy ensures both representativeness and diversity, accomplished
by selecting one instance from each cluster. In the upcoming section, we will describe how we adapt
BLIP-2 to this objective.

3.2 Unsupervised Prompt Learning

Figure 2b depicts the Unsupervised
Prompt Learning approach to extract
desirable features. It consists of three
cooperatively learned elements: the
learnable context of BLIP-2 and two
Multilayer Perceptron (MLP) heads
for both instance-level and cluster-
level transformation. These compo-
nents are jointly optimized using un-
supervised clustering objectivezq,
speci cally instance-level and cluster-
level contrastive learning. After train-
ing, the cluster assignments of all in-
stances can be easily derived from the
predicted soft labels produced by the
cluster-level MLP head. When com-
bined with the multimodal features ob-
tained from the adapted BLIP-2, we
can effectively identify the most rep-
resentative and diverse instances from
the entire datasé.

Bootstrapping Language-lmage

Pre-training known as BLIP-2,

presents an efcient pre-training

strategy that leverages existing

pre-trained image encoders and large

language models, all while remaining

frozen. By training a lightweight

querying transformer (Q-Former), it speci cally bridges the modality gap between images and text.
In the representation learning phase, BLIP-2 connects Q-Former to a frozen image encoder and
conducts image-text pair pre-training. With three image-text pre-training objectives (Image-Text
Contrastive Learning, Image-grounded Text Generation, and Image-Text Matching), they establish a



strong connection between image and input text, i.e. forcing the model to extract visual information
from the image that is most relevant to the text and automatically generating output multimodal
features. This characteristic of BLIP-2 provides us with a new opportunity. By altering different
prompts (input text), we can extract distinct multimodal features and nd the best to enhance the
process of data pre-selection.

Learnable Prompt However, designing an appropriate prompt can be demanding and time-
consuming, especially for data pre-selection, when we have zero knowledge of downstream tasks.
Following the previous prompt learning approach, we aim to model each context token using a con-
tinuous vector that can be learned from data from end to end. Speci cally, as depicted in Figure 2b,
we de neN learnable promptepresentation context vectors, denote¥as fvi;v,;:::vhg, each

having the same dimension as the word embedding, to serve as the text input for BLIP-2. In contrast
to many previous methodologies that leverage cross-entropy loss as their learning objective with
label data, we have chosen to adopt unsupervised clustering as our learning objective with respect to
unde ned downstream tasks. Since the text encoder is differentiable, which means gradients can be
back-propagated to update the context vectors. It's important to note that the base model of BLIP-2
remains unchanged during the training process.

Instance-level Contrastive Loss Contrastive learning at the instance level is designed to maximize

the similarities between positive instance pairs, while simultaneously minimizing those of negative

pairs. Given the lack of labels for all the data, we aim to maximize the agreement between differently

augmented views of the same instance and treat all other augmented instances as negative examples.

Speci cally, consider a randomly sampled mini-batch of imagbldafmages. Each image, denoted by

x;, undergoes different augmentation twice, thus creating two views of the same exafhpledx?.

Subsequently, these two images are encoded, along with a learnable dbntesing BLIP-2f (),

to generate multimodal representationd:andhP. Following this, the representations are further

transformed via a nonlinear transformation MgH ), known as an instance-level head, which yields

z® andzP. Letsim (:;:) denote the cosine similarity. Then the instance-level contrastive loss of a

positive pair of example§;j ) 2 [1;N]is de ned as

exp sim z3;z° =
FP i 4 |

¥= logp

. l)
N : — (

kaf abg  jo1 €XP Sim z3;zf =,
. PN s - _
where | is the temperature scalar. The nal ldsg = ﬁ ,N (2 + °P), which is computed across

all positive pairs in a mini-batch.

Cluster-level Contrastive Loss Similar to instance-level constrative learning, cluster-level constra-
tive learning aims to maximize the similarities between positive cluster pairs, while minimizing the
negative pairs. To construct the cluster representation, we use another cluster-lexg) hptamap

the multimodal representations tdva-dimensional space, wheké equals the number of clusters.
Thusm-th element of the feature can be interpreted as the instance's probability of belonging to
them-th cluster. Formally, suppose with mini-batchMfinstances an prede ned clusters, the
output of the cluster head @ 2 RN M under the rst augmentation, th?.,, can be interpreted

as the probability of instanae under augmentatioa being assigned to the cluster. Thei-th
column ofC? can be treated as the representation of #tfecluster under augmentatian Thus, we

can from a positive pair of cluster by selectingh column ofC2 andCP noted ag? andéP while
leaving othe2M 2 pair to be negative:

exp sim 62;60 =
|OgP FP i Vi C

N H a- Ak —
kof abg =1 EXP SIM € €f =¢

“
|

)

where ¢ is the cluster-level temperature parameter. To avoid a trivial solution that most instances
are assigned to the same cluster,pe\ regularization that encourages the entropy of cluster assignment
prabability is added:H (C) = Y [P (62)log P (62) + P(CFE) log P (€P)] , whereP(&X) =

15N €% k2fa;bg. The nal cluster-level loss i c = 5 1o, (2 + J}’) H(C).



Objective Function The optimization is a one-stage and end-to-end process, shown in Algorithm
1. The prompt and two heads are simultaneously optimized and the overall objective function is the
combination of constrastive loss at the instance and cluster leveli, + Lc.

Labeling Finally, after training, each instance is assigned a cluster number by the adapted BLIP-2
and cluster-level MLP head. First, we directly use the probability predicted by the cluster-level
headgc () for sampling. In this case, for each cluster, the instance with the highest con dence
score is selected. On the other hand we can also select medoid of each cluster to be labeled for the
downstream task. We can then select the medoid of each cluster to be labeled for the downstream task.
Formally given the clusteX ¢ with Ny memberd x1;X2:::Xn, 9, the medoidny is the instance that

has the minimal average dissimilarity to all instances calculated on the multimodel feaiuze

here we usé fromf () as an example:

K
mi=arg min 0 (@ simlf (V) (F 0 5V)): @)
i k ].:1

4 Experiments

We assess the effectiveness of our UP-DP method in a downstream task, speci cally using se-
lected labeled instances for image classi cation. In particular, we perform the UP-DP on BLIP-2,
strategically selecting the most representative and diverse instances for labeling, followed by the
linear-probe on CLIP to compare the performance against random baselines and two variations of
current state-of-the-art method: USA()]. Lastly, we show several intriguing properties of UP-DP
such as generalizability, i.e. a learned prompt from a single dataset can be directly applied to enhance
the feature quality of other datasets.

Dataset We select seven image classi cation datasets that are widely used in evaluating the V-L
model adaptation approach. These datasets constitute a comprehensive benchmark, covering a diverse
set of vision tasks, including the classi cation of generic objects (Caltechld}, pctions (UCF101

[36]), ne-grained categories (OxfordPet29], FGVCAircraft [26], and Flowers10247]), as well as

some specialized tasks such as recognizing texture (BJ)xpd satellite imagery (EuroSATLE)).

Training Details For the base model, we use the best available vision backbone in BLIP-2, which

is VIiT-G. Previous work 48] on prompt learning has shown that a shorter context length can lead to
better and more robust performance. Therefore, we initialize the context vectors with a xed length
of 4. The two hyperparameters, and ¢, are setto 0.5 and 1.0, respectively. Training is performed
with the Adam optimizer and a learning rate of 0.0003. We optimize our model with a batch size
of 256 for a total of 150 epochs on RTX 3090. We set an annotation budget of 200 for all datasets
except EuroSAT, which, due to its signi cantly larger size (13,500 examples) and fewer classes
(10), is allocated a label budget of 40 and trained for 50 epochs. The rationale for setting a uniform
annotation budget of 200 images for most datasets is our lack of knowledge about the downstream
task (e.g., prediction categories) in the context of data pre-selection. Thus, the annotation budget
becomes our sole controllable factor. By taking into account variations in class numbers and dataset
sizes, this uniform budget encompasses a a wide range of downstream task dif culties, averaging
between 2 to 5 images per class.

Baseline Methods As described in the related work section, USL is the most relevant approach to
ours. Similarly to our method, USL also relies on semantically meaningful feature representations for
each instance. We apply USL to both the image features extracted from BLIP-2 and the multimodal
features extracted from BLIP-2 with the learned prompts, resulting in two settings: USL-I and
USL-M. Alongside USL, we include random selection as a baseline method for the purpose of a
sanity check.

Zero-shot Recognition with BLIP-2 In the representation learning stage, the Q-Former performs
pre-training using image-text pairs with image-text contrastive learning. Similar to CLIP, after
pre-training, this head can produce a similarity score between an input image and text, which can
be naturally used for zero-shot recognition. We use the hand-crafted prompt provided by CoOp
for evaluating zero-shot performance. As shown in the bottom row of Table 1, we observe that the



| Method EuroSAT OxfordPets DTD Caltech101 ~ FGVCAircraft UCF101 Flowers1p2\verage

Random | 0.221+0.055 0.193+0.032 0.202+0.016 0.336+0.021 0.057+0.009 0.113+0.012 0.121+0M@1%8
USL-I 0.309+0.052 0.161+0.020 0.188+0.028 0.297+0.008 0.048+0.008 0.133+0.013 0.104 x 0M437
USL-M 0.289+0.044 0.191+0.038 0.185+0.030 0.286+0.008 0.064+0.010 0.108+0.027 0.130 x 0M289
Oursf () | 0.456+0.040 0.229+0.002 0.283+0.011 0.324+0.001 0.066+0.001 0.184 +0.010137 + 0.003| 0.240
Oursg () | 0.469+0.038 0.214+0.007 0.282+0.007 0.324+0.001 0.074+0.012 0.179+0.009 0.136 + 0MA30
Oursgc () | 0.487 £0.001 0.204+0.013 0.283+0.007 0.353+0.002 0.076+0.004 0.205+ 0.0@6130 + 0.001| 0.248

Random | 0.217 £0.062 0.193+0.021 0.139+0.026 0.274+0.023 0.042+0.013 0.093+0.014 0.116 + 0M463
USL-I 0.257+£0.038 0.149+0.019 0.145+0.049 0.263+0.012 0.042+0.006 0.101+0.017 0.090 + 0430
USL-M 0.209+0.030 0.190+0.052 0.144+0.035 0.257+0.010 0.058+0.013 0.072+0.037 0.111 x 0M289
Oursf () | 0.350+0.051 0.211+0.004 0.250+0.017 0.298+0.001 0.056+0.003 0.146 +0.013 0.133 + (.0@5206
Oursg () | 0.408+0.024 0.197+0.011 0.245+0.018 0.294+0.006 0.070+0.012 0.145+ 0163 + 0.002| 0.213
Oursgc () | 0.423+£0.007 0.177+0.012 0.260+0.010 0.312+0.002 0.067+0.006 0.190 + 0.016120 + 0.001| 0.221

Random | 0.332+0.044 0.340+0.024 0.286+0.049 0.371+0.014 0.071+0.015 0.150+0.013 0.175%0M246
USL-I 0.422+£0.096 0.299+0.038 0.275+0.028 0.318+0.006 0.074+0.006 0.164+0.020 0.179 x 0M287
USL-M 0.412+0.077 0.365+0.033 0.290+0.034 0.310+0.010 0.091+0.008 0.132+0.035 0.188x 0M255
Oursf () | 0.525+0.010 0.439+0.011 0.372+0.002 0.352+0.002 0.089+0.001 0.214+0.011 0.188+(.0@B311
Oursg () | 0.557+0.006 0.429+0.019 0.379+0.002 0.355+0.005 0.094+0.013 0.207 +0.013 0.186 + 0MBG5S
Oursgc () | 0.584 +0.013 0.380+0.020 0.385+0.007 0.392+0.002 0.098+0.006 0.234+0.010 0.217 + 0.0aB327

Random | 0.482+0.099 0.404+0.042 0.278+0.034 0.330+0.016 0.118+0.025 0.174+0.024 0.229 1 0M288
USL-I 0.504 +£0.103 0.359+0.035 0.284+0.035 0.298+0.016 0.108+0.010 0.206+0.022 0.227 + 0M284
USL-M 0.505+0.070 0.434+0.029 0.304+0.037 0.301+0.015 0.128+0.013 0.180+0.036 0.221 x 0M286
Oursf () | 0.577+0.011 0.567 +£0.005 0.392+0.003 0.335+0.001 0.116+0.001 0.253+0.017 0.206 + (.0@D349
Oursg () | 0.596 +0.007 0.548+0.025 0.394+0.003 0.332+0.003 0.131+£0.020 0.247 +0.005 0.203 = 0@B50
Oursgc() | 0.634+0.014 0.477+0.021 0.403+0.009 0.371+0.005 0.143+0.003 0.287 +0.010 0.241 + 0.00L365

Random | 0.402 +0.045 0.421+0.027 0.305+0.033 0.334+0.022 0.109+0.014 0.198+0.035 0.216 + 0284
USL-I 0.499+0.106 0.383+0.029 0.285+0.033 0.302+0.013 0.113+0.014 0.208+0.019 0.243 x 0M260
USL-M 0.481+0.087 0.461+0.026 0.305+0.038 0.298+0.017 0.133+0.013 0.184+0.040 0.238 x 0M280
Oursf () | 0.560+0.024 0.582 +0.008 0.389+0.004 0.339+0.002 0.130+0.005 0.254+0.014 0.224 +(.0@2354
Oursg () | 0.598 £0.004 0.566+0.023 0.388+0.006 0.336+0.001 0.145+0.021 0.252+0.003 0.216 + 0MBE7
Oursgc () | 0.609 £0.019 0.503+0.017 0.402+0.005 0.376+0.004 0.161+0.005 0.289+0.015 0.258+ 0.00R371

Zero Shot BLIP-2 | 0.111(0.100) 0.081(0.027) 0.123(0.021) 0.379(0.010) 0.113(0.010) 0.070 (0.010) 0.114 (0.GLA}1
Table 1: Accuracy (%) of linear probe results for CLIP trained with data pre-selected by random,
USL-I, USL-M, and our method. Evaluation is carried out using ve different versions of the CLIP
vision encoder. The accuracy (%) of zero-shot performance with BLIP-2 is displayed in the bottom
row, with the numbers in brackets representing the random guessing baseline. Our UP-DP consistently
outperforms other baselines by an average accuracy around 7%.

RN50

RN101

ViTB32

ViTH14

VITG14

performance of BLIP-2 is much lower than that of CLIP reported in CoOp. There are two potential
reasons for this discrepancy: (1) the hand-crafted prompt for CLIP cannot be generalized for BLIP-2,
and (2) the features from BLIP-2 cannot be directly generalized to these datasets, or perhaps a
combination of both reasons. This highlights the necessity of adapting BLIP-2 for data pre-selection
tasks.

Linear Probe Results To replicate the pre-selection process, which involves separating downstream
tasks from data pre-selection, we rst employ UP-DP to select the most representative and diverse
data points for labeling. We then apply the linear probe method using various versions of the CLIP
vision encoder, ranging from ResNet-50 to ViT-G, with the labeled data. Table 1 presents the main
outcomes of UP-DP in seven datasets. Overall, our UP-DP consistently outperforms other baselines
with an average accuracy 618%to 7:2%.

Upon further analysis of the table across different datasets, we note that UP-DP signi cantly out-
performs the baseline on EuroSAT, yet yields mixed results on Caltech101. This variation is not
entirely unforeseen considering BLIP-2's limited ef ciency with complex tasks. For instance, in a
zero-shot setting, it nearly resorts to random guessing (0.111 accuracy on 10 classes) on the satellite
image dataset EuroSAT, whereas it exhibits a relatively superior performance (0.397 accuracy on
100 classes) on the standard object recognition dataset, Caltech101. When comparing the average
performance of the second and third rows, USL-M consistently outperforms USL-I. This consistent
performance gap between USL-M and USL-I further validates the effectiveness of a prompt learned
by UP-DP, which assists BLIP-2 in extracting superior multimodal features.

Both USL-M and our method utilize the same multimodal features extracted from BLIP-2 with
learned prompts for data selection. Essentially, USL can be seen as initially executing k-means
clustering and then picking the most representative point with diversity regularization. Unlike USL-M,
we explicitly train a cluster MLP head that can directly assign each instance within the cluster, where
the medoid is selected in each cluster for labeling. The performance improvement between USL-M
and our method showcases the effectiveness of the simple sampling strategy employed in UP-DP.
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