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Abstract—Prompt learning is the leading paradigm for adapt-
ing Vision-Language Models (VLMs), yet its performance hinges
on high-quality supervision. While Active Learning (AL) can
mitigate data scarcity, we identify a fundamental misalignment
in traditional uncertainty-based strategies, termed Prompt Bias.
Specifically, prompt learning seeks global class centroids, whereas
conventional AL prioritizes decision-boundary outliers, causing
prompts to degenerate into descriptors of anomalies and leading
to feature space drift. To address this, we propose Distribution-
Aware Representative Active Learning (DARAL), which shifts
the selection focus from difficulty mining to representative-
ness. DARAL integrates a rarity-weighted metric with Stratified
Pseudo-Label Sampling to explicitly target intra-class diversity.
By partitioning the unlabeled pool into category-specific strata,
our approach ensures the learned prompt robustly covers both
typical prototypes and long-tail instances. Extensive experiments
demonstrate that DARAL consistently outperforms state-of-the-
art methods, achieving significant gains particularly under ex-
tremely low-budget constraints.

Index Terms—Vision-Language Models, Prompt Learning, Ac-
tive Learning, Distributional Robustness.

I. INTRODUCTION

Large-scale Vision-Language Models (VLMs), such as
CLIP [1] and ALIGN [2], have revolutionized visual repre-
sentation learning through their robust cross-modal alignment.
To mitigate the prohibitive costs of full fine-tuning, Prompt
Learning has emerged as a parameter-efficient paradigm,
adapting pre-trained knowledge to downstream tasks by op-
timizing continuous context vectors. However, despite their
efficiency, learning high-performance prompts remains data-
hungry. Given the scarcity of high-quality annotations, inte-
grating Active Learning (AL)—which iteratively selects high-
value samples—is a promising pathway to adapt VLMs under
strict budget constraints.

While recent works have attempted to synergize Active
Learning (AL) with Vision-Language Models (VLMs), di-
rectly transferring traditional strategies often yields diminish-
ing returns as they largely address isolated symptoms—such
as class imbalance in PCB [3] or confidence bias in CEC
[4]—while overlooking a fundamental conflict we term Prompt
Bias. This misalignment stems from the tension between
the local decision boundary mining (targeting outliers) of
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Fig. 1. t-SNE visualization of selection strategies on EuroSAT. Left:
Traditional entropy-based selection collapses toward class boundaries. Right:
Our strategy ensures a balanced coverage of both the core manifold and
distribution tails, effectively capturing representative samples (red) relative
to class prototypes (stars).

conventional AL and the global centroid-oriented objective of
Prompt Learning [5], [6]. Specifically, training prompts solely
on marginal samples or geometrically dispersed noise—often
retrieved by diversity-based methods like Coreset [7] and
BADGE [8] in the frozen CLIP space—causes the optimized
vectors to degenerate into descriptors of anomalies rather than
generalized concepts [9], [10]. As empirically validated in Fig.
1, such unrepresentative data exacerbates feature space drift
by compelling the model to align with artifacts [11], [12].
Consequently, we advocate that the objective of AL for VLMs
must shift from mining confusion to ensuring distributional
representativeness.

In this paper, we introduce the Distribution-Aware Rep-
resentative Active Learning (DARAL) framework. Unlike
previous works, DARAL explicitly targets intra-class repre-
sentativeness by discarding the sole reliance on uncertainty.
We introduce a Rarity-Weighted Metric to capture under-
represented visual concepts, coupled with a Stratified Pseudo-
Label Sampling strategy. This ensures the learned prompt
functions as a ”global searchlight,” robustly covering both typ-
ical prototypes and rare sub-classes by sampling representative
instances from category-specific strata.

Our contributions are summarized as follows:
• We formalize the intrinsic conflict between global distri-

bution alignment in Prompt Learning and local boundary
mining in traditional AL.

• We propose a representativeness-driven framework that
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Fig. 2. Overview of the proposed Distribution-Aware Representative Active Learning framework. Our method integrates a Rarity-Weighted Metric with
information entropy to calculate a Comprehensive Uncertainty score. A Stratified Pseudo-Label Sampling strategy is then employed to partition the unlabeled
pool into category-specific strata, ensuring the selection of representative samples for labeling. These samples are used to iteratively optimize the learnable
context vectors while keeping the VLM encoders frozen.

incorporates a Rarity-Weighted Metric and Stratified
Pseudo-Label Sampling, ensuring intra-class diversity
while preventing the prompt from drifting towards out-
liers.

• Extensive experiments demonstrate that DARAL signif-
icantly outperforms both traditional AL baselines and
state-of-the-art VLM-AL competitors, particularly under
extremely low annotation budgets.

II. RELATED WORK

A. Prompt Tuning in VLMs

Prompt tuning adapts Vision-Language Models (VLMs) by
optimizing task-specific textual or visual tokens. Following
the transition from manual templates [1] to learnable con-
text vectors (CoOp [5]), research has branched into three
areas: (1) Cross-modal Alignment: CoCoOp [13] and TCP
[14] condition prompts on image features or textual priors
to mitigate modality isolation , while HiCroPL [15] estab-
lishes hierarchical knowledge flow to prevent semantic decay.
(2) Regularization: KgCoOp [16], ProGrad [17], and ECO
[18] enforce constraints to preserve pre-trained knowledge ,
whereas ATPrompt [19] utilizes universal attributes to align
with unseen categories. (3) Robustness: Methods like NL-
Prompt [20], APT [21], and distillation-based DePT [22] or
PromptKD [23] address label noise and out-of-distribution
detection. Despite these advances, existing works primarily
focus on architectural regularization under random sampling,
leaving the strategic selection of representative data—the data
efficiency dimension—largely underexplored.

B. Active Learning

Active Learning (AL) minimizes annotation costs by iden-
tifying high-value samples via two main trajectories : (1)
Uncertainty-based sampling, which selects confusing in-
stances using metrics like confidence [11], margin [12], or
entropy [6] , sometimes enhanced by ensembles [24], [25] ;
and (2) Diversity-based sampling, which employs clustering
or coreset selection [7], [26] to ensure feature space coverage.
Hybrid approaches like BADGE [8] combine both by cluster-
ing gradient embeddings.

Recent VLM-specific AL methods, such as PCB [3] and
CEC [4], target symptoms like class imbalance and confidence
miscalibration. However, these approaches still rely on mining
”hard” boundary examples. We argue this creates a geometric
misalignment in the frozen VLM feature space: prioritizing
high-uncertainty samples often retrieves outliers rather than
representative prototypes, leading to the Prompt Bias issue
addressed in this work.

III. METHOD

A. Model Architecture and Prompt Learning

We employ CLIP as the backbone network and utilize the
CoOp method for parameter-efficient fine-tuning. Given an
input image x, the image encoder of CLIP extracts visual
features f = Eimg(x). For C categories, we embed the label
text of each category into learnable context vectors to construct
ti = [v1, v2, . . . , vM , ci], where {vm}Mm=1 represents the M
learnable context vectors, and ci is the word embedding of the
i-th class name.



The probability p(y = i|x) that the model predicts the i-th
class is calculated via the cosine similarity between the visual
and textual features, followed by a softmax normalization:

p(y = i | x) = exp(sim(f , Etxt(ti))/τ)∑C
j=1 exp(sim(f , Etxt(tj))/τ)

, (1)

where Etxt denotes the text encoder, sim(·, ·) is the cosine
similarity function, and τ is the temperature coefficient from
the pre-trained CLIP model. During training, we freeze the pa-
rameters of the CLIP image and text encoders and exclusively
optimize the context vectors {vm}Mm=1.

B. Dynamic Subpool Selection Strategy

To maximize model performance under a limited annotation
budget, we propose a sampling strategy termed Dynamic
Subpool Selection. This strategy comprehensively considers
both the uncertainty and class rarity of samples, introduc-
ing a Stratified Pseudo-Label Sampling mechanism based on
pseudo-labels.For any sample xu in the unlabeled pool U , we
first compute the current predicted probability distribution of
the model p = [p1, p2, . . . , pC ], where pi = p(y = i|xu).

Uncertainty Metric. We utilize information entropy to
measure the model’s uncertainty regarding a sample. A higher
entropy value indicates a weaker discriminative ability of
the current model for that sample, corresponding to greater
information content. The calculation formula is as follows:

Sunc(xu) = −
C∑
i=1

pi log(pi + ϵ) (2)

Class Rarity Metric. To mitigate class imbalance is-
sues caused by long-tailed distributions, we introduce rarity
weights. Let Nc be the number of samples for the c-th class
in the current labeled set L. We define a class weight vector
w ∈ RC , where the weight wc of the c-th class is inversely
proportional to its occurrence frequency:

wc =
1

max(Nc, 1)
, normalized s.t.

∑
wc = C (3)

For an unlabeled sample xu, we assign a rarity score based
on its predicted pseudo-label ŷ = argmaxi pi:

Srar(xu) = wŷ (4)

This mechanism assigns higher priority to samples predicted
as minority classes by the model.

Score Fusion. Since the entropy values and rarity weights
have different scales, we apply Min-Max normalization to both
before fusion. The final selection score Stotal is defined as:

Stotal(xu) = β · S̃unc(xu) + (1− β) · S̃rar(xu) (5)

where S̃ denotes the normalized value, and β ∈ [0, 1] is
a balancing coefficient used to regulate the importance of
uncertainty versus rarity.

Remark on Pseudo-label Reliability. We acknowledge that
our stratification strategy relies on pseudo-labels, which may
contain noise during the initial zero-shot phase. However,

Algorithm 1: Active Learning with Stratified Pseudo-
Label Sampling
Input : Unlabeled set U , Rounds T , Budget K,

Classes C
Init : Initial labeled set L0 ⊂ U , Model fθ0

1 for t = 0, 1, . . . , T − 1 do
2 # I. Sample Scoring & Rarity Estimation
3 Calculate class distribution {Nc} in Lt and update

weights w
4 # II. Model Inference & Pseudo-labeling
5 Get scores Stotal and pseudo-labels ŷ via fθt(Ut)
6 # III. Stratified Pseudo-Label Sampling (SPS)
7 Cap = ⌊K/C⌋ ; // Base capacity per

class
8 # Group unlabeled data into category-specific strata
9 Bc = {(xi, Si) | ŷi = c, xi ∈ Ut} for c = 1, . . . , C

10 # Intra-stratum selection of representative samples
11 Qpre =

⋃C
c=1 Top(Bc,Cap)

12 # IV. Global Budget Supplementation
13 if |Qpre| < K then
14 R = Ut \Qpre

15 Qsupp = Top(R,K − |Qpre|)
16 Q = Qpre ∪Qsupp

17 else
18 Q = Qpre

19 # V. Model Evolution & Dataset Update
20 Lt+1 = Lt ∪Q, Ut+1 = Ut \Q
21 Update fθt+1 using Lt+1 via prompt tuning

Output: Final Model fθT

we argue that the robust generalization capability of CLIP
provides a strong starting baseline. Furthermore, this issue is
self-mitigating: as the active learning loop progresses and the
model is fine-tuned on newly queried informative samples, the
accuracy of pseudo-labels progressively improves, thereby en-
hancing the precision of our stratified selection in subsequent
rounds.

IV. EXPERIMENT

A. Datasets

In alignment with established protocols in prompt tuning
literature [5], [13], [28], our empirical evaluation utilizes six
diverse image classification benchmarks: Describable Tex-
tures [29], Caltech-101 [30], EuroSAT [31], FGVC-Aircraft
[32], Flowers-102 [33] and UCF-101 [34]. These datasets
were specifically chosen to encompass a broad spectrum of
specialized visual recognition tasks, providing a robust testbed
for assessing the zero-shot generalization capabilities of large-
scale pre-trained models such as CLIP [1]. Comprehensive de-
tails regarding these datasets are provided in the supplementary
material.



TABLE I
PERFORMANCE COMPARISON ACROSS SIX BENCHMARKS UNDER DIFFERENT ANNOTATION BUDGETS (1%, 2%, 5%). OUR METHOD CONSISTENTLY

OUTPERFORMS STATE-OF-THE-ART AL BASELINES, PARTICULARLY IN LOW-BUDGET SETTINGS(E.G., +20.4% GAIN ON FLOWERS102 AT 1%). THE
RESULTS DEMONSTRATE SUPERIOR ROBUSTNESS ACROSS DIVERSE VISUAL RECOGNITION TASKS USING THE VIT-B/16 BACKBONE.

Dataset B(%) Random Entropy [6] CoreSet [7] BADGE [8] ALFA-Mix [26] GCNAL [27] CEC [4] Ours Zero-shot

Textures
1 38.4± 0.2 35.2± 0.8 - 40.2± 5.0 - 38.8± 0.9 47.9± 1.2 52.5± 0.5

44.32 44.2± 2.9 40.9± 2.0 44.9± 0.9 46.9± 1.4 49.6± 0.4 44.8± 0.4 52.8± 1.0 63.2± 0.7
5 54.1± 2.9 49.3± 1.4 52.9± 2.3 56.2± 1.1 55.6± 1.9 55.0± 1.4 58.2± 2.0 71.4± 0.5

Caltech101
1 88.2± 3.4 86.1± 4.6 - 88.2± 1.7 - 88.4± 3.3 88.7± 1.5 85.5± 0.3

91.32 88.4± 3.2 89.3± 1.4 91.1± 2.0 89.8± 2.7 89.7± 0.8 89.8± 2.0 89.0± 1.3 91.1± 0.2
5 91.1± 1.1 89.4± 0.8 91.3± 0.3 92.2± 0.1 92.3± 0.3 92.4± 0.9 92.8± 0.5 94.9± 0.3

EuroSAT
1 82.2± 1.0 70.5± 2.0 - 80.6± 0.7 - 82.1± 1.4 82.8± 1.6 93.6± 0.3

42.02 86.1± 1.0 78.1± 4.3 84.5± 1.5 85.6± 0.7 86.1± 0.3 84.0± 0.9 86.2± 0.6 94.6± 0.1
5 87.8± 0.6 84.8± 2.1 87.9± 1.4 87.5± 0.5 88.3± 0.3 88.2± 0.6 88.0± 0.9 95.1± 0.0

FGVC-Aircraft
1 18.4± 0.6 19.7± 1.1 - 17.8± 1.7 - 18.4± 0.6 20.3± 1.1 20.5± 1.0

24.92 21.2± 1.4 22.0± 2.1 19.7± 1.4 20.7± 1.1 20.2± 1.5 21.2± 0.4 22.3± 1.0 28.4± 1.3
5 26.0± 1.0 24.7± 0.6 23.0± 0.1 25.7± 1.0 28.7± 0.4 26.3± 0.7 27.1± 0.3 40.3± 0.2

Flowers102
1 60.2± 2.2 55.2± 4.7 - 53.5± 5.3 - 60.2± 2.3 64.1± 2.4 84.5± 1.3

67.32 66.3± 2.2 65.4± 3.5 62.2± 0.7 68.2± 1.7 74.0± 0.8 64.0± 4.0 75.6± 2.5 94.7± 0.3
5 82.6± 2.2 80.3± 2.8 76.2± 2.6 86.2± 1.6 88.7± 1.2 80.0± 2.9 88.2± 1.6 98.3± 0.1

UCF101
1 55.4± 2.7 53.1± 3.9 - 50.7± 3.0 - 55.3± 3.7 57.6± 1.8 67.2± 0.5

64.32 66.6± 1.2 62.1± 1.9 65.4± 1.4 63.7± 1.5 66.9± 1.5 63.9± 1.9 67.0± 0.8 76.3± 0.7
5 73.8± 0.4 72.8± 0.7 74.1± 3.0 75.3± 1.2 75.4± 1.9 73.1± 1.4 76.2± 0.6 83.4± 0.3

Average
1 57.1 53.3 - 55.2 - 57.2 60.2 67.3 (+7.1)

55.72 62.1 59.6 61.3 62.5 64.4 61.3 65.5 74.7 (+9.2)
5 69.2 66.9 67.6 70.5 71.5 69.2 71.8 80.6 (+8.8)

B. Baselines and Evaluation Protocol

We compare our proposed method with a comprehensive
set of state-of-the-art active learning baselines, including
CEC [4], ALFA-Mix [26], BADGE [8], GCNAL [27],
CoreSet [7], Entropy [6], and Random sampling. For a fair
comparison, all methods are evaluated under a unified exper-
imental framework. The training set serves as the unlabeled
pool, while the validation and test sets remain fixed. We report
the accuracy on the held-out test set after each query iteration.

C. Implementation Details

We employ the pre-trained ViT-B/16 [35] as the visual
backbone. Following standard CoOp protocols, the context
vectors are initialized with the manual template ”a photo of
a ”, placing the class token at the end without class-specific
contexts.In each active learning cycle, the model is reset to
zero-shot weights and fine-tuned on the current labeled pool.
We optimize the network for 200 epochs using Stochastic
Gradient Descent (SGD) [36] with a momentum of 0.9 and
weight decay of 0.005. The learning rate strategy involves a
1-epoch constant warmup at 1 × 10−5, followed by a cosine
annealing schedule starting from an initial learning rate of
0.002. The batch size is set to 32 for training and 100 for
inference.All methods are implemented with PyTorch 2.0.1
[37] and executed on a single NVIDIA GPU-4090D GPU.

D. Active Learning Settings

The AL process consists of 6 iterative rounds. To evaluate
performance under different resource constraints, we conduct
experiments with per-round annotation budgets of 1%, 2%, and
5% of the total unlabeled data, respectively. The initial labeled
pool is selected via random sampling. All results are reported

as the mean ± standard deviation across three independent
runs to ensure statistical robustness.

E. Results

Here is the concise version of your experimental results
section, focusing on the efficacy of the DARAL framework:

DARAL Performance Analysis. As shown in Table I,
DARAL consistently outperforms state-of-the-art baselines
across all datasets and budget levels. Notably, on Flowers102
at a 1% budget, our method achieves a 20.4% accuracy gain
over the runner-up. On average, DARAL yields substantial
improvements of 7.1%, 8.7%, and 8.8% for 1%, 2%, and
5% budgets, respectively, demonstrating superior robustness
in low-resource settings.

Cross-Architecture Generalization. To verify backbone
independence, we extended evaluations to ResNet-50 and
ViT-L/14 (Table II). DARAL maintains its performance lead
across all architectures, achieving an average improvement
of 14.4%–16.1% over traditional uncertainty-based methods
on ResNet-50. These results confirm that mitigating Prompt
Bias via Stratified Pseudo-Label Sampling is a fundamental
requirement for VLM prompt tuning, regardless of the specific
image encoder used.

Learning curve. As illustrated in Fig. 3 , DARAL con-
sistently maintains a substantial lead over all state-of-the-art
baselines across multiple datasets. The steep initial slope of the
red curve confirms that DARAL captures core class manifolds
more effectively than traditional uncertainty-based mining,
enabling rapid accuracy surges even under extreme budget
constraints. As active learning cycles progress, the widening
performance gap between DARAL and its competitors further



TABLE II
PERFORMANCE CROSS-ARCHITECTURE GENERALIZATION. COMPARISON OF TOP-1 ACCURACY (%) ON TEXTURES, FLOWERS102, AND UCF101

DATASETS USING RESNET-50 AND VIT-L/14 BACKBONES UNDER 1%, 2%, AND 5% BUDGETS.

Model Dataset B(%) Random Entropy [6] CoreSet [7] BADGE [8] CEC [4] Ours Zero-shot
V

iT
-L

/1
4

Textures
1 45.7± 0.9 40.0± 2.8 - 45.1± 2.5 55.1± 2.6 58.2± 1.7

53.02 50.0± 1.9 43.8± 2.0 51.8± 1.9 52.1± 1.1 56.4± 0.8 67.7± 0.1
5 60.4± 0.7 56.9± 2.0 59.7± 1.9 61.7± 2.1 63.7± 1.7 75.6± 0.5

Flowers102
1 75.0± 1.3 76.2± 0.9 - 72.6± 3.8 80.0± 1.4 90.7± 0.5

79.32 77.1± 1.7 73.2± 2.1 74.1± 2.1 79.1± 4.0 86.4± 2.0 97.7± 0.1
5 87.1± 2.4 87.8± 2.0 84.2± 2.2 92.8± 0.2 93.6± 0.7 99.3± 0.1

UCF101
1 73.3± 1.6 72.4± 1.0 - 73.7± 1.2 74.9± 1.3 75.0± 0.6

74.22 76.4± 0.7 72.3± 1.4 74.1± 1.5 75.1± 2.6 77.5± 0.7 81.9± 0.2
5 82.4± 1.7 80.0± 0.8 80.5± 0.3 82.0± 0.9 82.5± 1.5 87.3± 0.1

Average
1 64.7 62.9 - 63.8 70.0 74.6 (+4.6)

68.82 67.8 63.1 66.7 68.8 73.4 82.4 (+9.0)
5 76.6 74.9 74.8 78.8 79.9 87.4 (+7.5)

R
es

N
et

-5
0

Textures
1 30.5± 2.6 26.8± 6.7 - 33.2± 2.5 34.1± 0.5 47.0± 0.6

40.42 38.9± 1.1 34.9± 1.7 38.9± 2.6 37.5± 1.1 43.0± 2.4 54.3± 0.2
5 48.0± 1.6 46.2± 1.2 44.9± 1.0 48.4± 2.1 49.2± 2.3 65.3± 0.4

Flowers102
1 48.5± 3.8 41.8± 3.8 - 45.6± 2.3 53.6± 2.0 75.1± 1.3

62.12 62.2± 2.9 55.7± 2.9 55.6± 2.1 60.1± 1.4 64.2± 2.9 89.8± 0.2
5 72.8± 2.3 71.4± 1.7 64.8± 0.4 76.0± 1.4 77.7± 2.6 96.8± 0.1

UCF101
1 41.8± 2.9 42.7± 2.5 - 44.5± 0.6 51.0± 3.8 59.6± 0.6

58.22 55.6± 1.8 51.7± 1.2 54.9± 1.6 56.2± 1.0 58.3± 1.2 69.8± 0.8
5 66.2± 2.8 63.3± 2.3 65.2± 1.6 66.5± 0.9 67.0± 1.0 77.5± 0.5

Average
1 40.3 37.1 - 41.1 46.2 60.6 (+14.4)

53.62 52.2 47.4 49.8 51.3 55.2 71.3 (+16.1)
5 62.3 60.3 58.3 63.6 64.6 79.9 (+15.3)

Fig. 3. Performance evolution across AL cycles. On Textures, Flowers102, and UCF101, DARAL (red) consistently maintains a substantial lead over all
baselines. The rapid accuracy surge in early stages demonstrates that Stratified Pseudo-Label Sampling effectively identifies highly representative samples,
ensuring high efficiency even under extremely limited budgets.

TABLE III
MAIN RESULTS ON IMBALANCED FOOD-101. WE COMPARE THE

OVERALL ACCURACY (ACC) AND MACRO-F1 (F1) ACROSS DIFFERENT
ACTIVE LEARNING BUDGETS.

Method 1% Budget 2% Budget 5% Budget

Acc (%) F1 (%) Acc (%) F1 (%) Acc (%) F1 (%)

Random 56.99 52.40 60.40 58.64 67.19 67.60
Entropy [6] 51.80 62.46 58.40 68.47 62.10 75.34
CoreSet [7] 53.25 54.36 59.10 66.01 63.50 70.47
BADGE [8] 54.60 60.57 60.20 67.15 64.80 74.90

Ours 58.90 64.23 65.30 72.26 69.80 76.34

demonstrates its superior robustness in mitigating Prompt Bias
and preventing feature space drift.

Construction of Food-101-LT. We simulate a long-tailed
scenario by constructing Food-101-LT in Table III. The train-
ing samples are selected using an exponential decay function,

ranging from 750 images for head classes to only 5 images for
tail classes, yielding an imbalance ratio of 150. The validation
set is a balanced 4-shot split, and the test set remains the
standard balanced set.

TABLE IV
COMPONENT ABLATION STUDY ON UCF101(BUDGET=2%). “UNC.”

DENOTES THE UNCERTAINTY METRIC, “RAR.” DENOTES THE CLASS
RARITY METRIC, AND “SPS” DENOTES STRATIFIED PSEUDO-LABEL

SAMPLING.

Method Unc. Rar. SPS Accuracy (%)

Baseline ✓ 62.1
Variant A ✓ ✓ 68.2
Variant B ✓ ✓ 69.5
Ours ✓ ✓ ✓ 76.3



Fig. 4. β sensitivity on UCF101. The optimal balance (β = 0.5) highlights
the necessity of combining uncertainty with representativeness.

F. Ablation Study

Component Ablation. Table IV evaluates the individual
contributions of Unc., Rar., and SPS on Oxford Pets. Com-
pared to the uncertainty-only baseline (62.1%), incorporating
Class Rarity (Variant A) and Stratified Sampling (Variant B)
improves accuracy to 68.2% and 69.5%, respectively. The full
DARAL framework achieves the peak performance of 76.3%,
validating that the synergy of rarity-weighting and stratified
selection is essential for capturing the true data distribution
and preventing feature space drift.

Sensitivity of β. Fig.4 shows the impact of the balancing
coefficient β on UCF101 (2% budget). Performance peaks at
β = 0.5 (77.3%), outperforming both pure rarity (β = 0) and
pure uncertainty (β = 1.0) sampling. This confirms that the
synergy of both metrics is essential for capturing the class
manifold and mitigating Prompt Bias .

V. CONCLUSION

This study introduces the Distribution-Aware Representative
Active Learning (DARAL) framework to mitigate ”Prompt
Bias” by shifting the selection focus from local decision-
boundary mining to global distributional representativeness.
By integrating a Rarity-Weighted Metric and Stratified Pseudo-
Label Sampling, DARAL effectively captures core class man-
ifolds and rare sub-classes, ensuring stable prototype align-
ment even under extreme intra-class variance. Extensive ex-
periments demonstrate significant gains—notably +20.4% on
Flowers-102—confirming that our approach enhances robust-
ness and generalization in low-budget VLM tuning. While cur-
rently reliant on iterative pseudo-label refinement, future work
will explore multimodal semantic priors to further optimize
representative sampling efficiency.
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