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Abstract. This paper presents a controlled empirical benchmark of data
selection for low-shot image classification under a limited annotation
budget. Given a small labelled training set and an additional unlabelled
candidate pool, we investigate which samples should be selected to im-
prove downstream classification performance. We evaluate ten experi-
mental conditions on CIFAR-10 and Fashion-MNIST using identical data
splits, model architectures, training settings, budget levels, and random
seeds. The evaluated conditions include random selection, pseudo-label-
balanced selection, informativeness heuristics, geometry-based methods,
augmentation, and an RL-inspired selector.

The results show that no single strategy performs best across both
datasets. Augmentation achieves the highest aggregate area under the
budget accuracy curve on CIFAR-10. On Fashion-MNIST, k-center
achieves the highest value, although uniform random selection is only
slightly behind. The RL-inspired selector is competitive on Fashion-
MNIST and outperforms pseudo-label-balanced selection in several
experimental settings. However, this improvement does not occur con-
sistently across datasets and budgets. Analysis of the selected subsets
also shows that high feature diversity alone does not guarantee better
classification performance. Distributional alignment and stable class
coverage remain important when the selection budget is limited. The
main contribution of this work is therefore a reproducible empirical
benchmark and an analysis of a hand-weighted RIL-inspired selector,
rather than a new reinforcement learning algorithm.

Keywords: low-shot learning - budget-aware selection - coreset selection
- pseudo-label selection - RL-inspired selection - data efficiency

1 Introduction

Convolutional neural networks require large labelled datasets, yet annotation is
expensive in domains such as medical imaging, industrial inspection, and rare-
category recognition. With only a few labelled examples per class, models readily
overfit and exhibit high variance, motivating low-shot learning.
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Additional samples can be generated or drawn from a larger pool [6,7,8],
but their value is uneven. Redundant or low-quality data may weaken rather
than improve the training signal [1,3,2]. Under a fixed annotation and training
budget, the practical question is therefore which candidates should be selected.

Existing work studies augmentation, informativeness, diversity, and
reinforcement-learning acquisition, but comparisons often vary in their splits,
models, or evaluation protocols. We address this gap with four research ques-
tions: how much candidate data improves the low-shot baseline; which methods
perform best across datasets, shots, and budgets; how selected-set diversity,
balance, and alignment relate to performance; and whether a hand-weighted
RL-inspired selector justifies its additional cost.

We compare ten experimental conditions under identical data splits, mod-
els, budgets, and seeds. The benchmark includes reference conditions, random
strategies, informativeness and geometry heuristics, augmentation, and a hand-
weighted RL-inspired selector. Performance is evaluated using predictive quality,
data efficiency, selected-set properties, computational cost, and statistical uncer-
tainty.

The contributions are a reproducible budget-aware benchmark, a multi-
metric comparison of conventional selectors, and a transparent evaluation of a
fixed RL-inspired scoring rule. The results identify where simple Random and
k-center selection remain competitive and clarify that the evaluated RL-inspired
method is not a trained policy.

2 Related Work

Recent augmentation methods use GANs and diffusion models to enlarge train-
ing sets, although sample quality and diversity remain important for down-
stream generalisation [6,7,?,1]. Coreset and pruning studies similarly show that
importance-based selection can fail when it neglects coverage [3,9,10,11].

Active learning selects informative candidates using uncertainty, diversity, or
hybrid acquisition criteria. Prior work shows that no single strategy consistently
dominates across experimental settings [12]. Reinforcement learning has also
been used to formulate sequential acquisition and curriculum selection [13,16,17].

Our contribution is a controlled benchmark rather than a new selection algo-
rithm. All methods use identical data splits, candidate pools, models, budgets,
and random seeds. The evaluation combines predictive metrics, budget efficiency,
selected-set properties, computational cost, and statistical uncertainty. The RL-
inspired selector is included as a transparent fixed-score baseline rather than a
trained reinforcement-learning policy.

3 Problem Formulation

3.1 Budget-Constrained Selection

Let Dyeal = {(7, )}, denote the labelled low-shot training set and let Dpool =
{=) ;Vil denote an initially unlabelled candidate pool. Ground-truth candidate
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labels are hidden from every selection method and are revealed only after the
subset has been selected, thereby simulating annotation under a fixed budget.
For a budget ratio b € (0, 1], the selector chooses an index subset Is C
{1,..., M} satisfying
|[Is| = round(bM). (1)

After selection, the labels of the selected candidates are revealed and the down-
stream classifier is trained on D;¢, U Dg. The test set is never used for selection,
checkpoint selection, or hyperparameter configuration.

The benchmark pool is constructed with equal numbers of samples per
ground-truth class to provide a controlled source pool. These labels are used
only during benchmark construction and post-selection evaluation; they are not
exposed to the selectors. Methods requiring class assignments use pseudo-labels
predicted by the low-shot base classifier.

4 Methods: Selection Baselines

We evaluate ten experimental conditions: two budget-independent references,
seven conventional budget-aware baselines, and one hand-weighted RL-inspired
selector. The references are No Candidate and All Candidate. The conven-
tional baselines are Random, Pseudo-Label-Balanced Random, Confidence, Un-
certainty, k-center, Feature-distance, and Augmentation. The final condition is
the hand-weighted RL-inspired selector. All methods operate on the same can-
didate pool and feature representation extracted from a classifier trained only
on the low-shot labelled data. Augmentation uses the same random budget-
constrained subset as the Random baseline, but applies Rand Augment, MixUp,
and CutMix during downstream training; its selected-set metrics are omitted
from later analysis because its distinguishing component is the training proce-
dure rather than the subset-selection rule.

Reference baselines. No Candidate trains only on D). All Candidate
uses the full candidate pool as a budget-independent upper reference.

Random baselines. Random samples uniformly without replacement.
Pseudo-Label-Balanced Random assigns every candidate a pseudo-label
using the low-shot base classifier and then samples approximately equal num-
bers from each predicted class. Ground-truth candidate labels are not used
during selection. Consequently, predicted-class allocation is balanced in the
pseudo-label space while the actual class distribution revealed after annotation
can still vary slightly from uniformity.

Informativeness-based heuristics. Confidence selects candidates with
the highest maximum-softmax probability. Uncertainty selects candidates with
the highest predictive entropy.

Geometry-based heuristics. k-center performs greedy farthest-first se-
lection in embedding space. Feature-distance selects candidates whose embed-
dings are closest to the centroid of their predicted class.

Strong augmentation. Augmentation applies RandAugment with
MixUp and CutMix to the budgeted training set.
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4.1 Hand-Weighted RL-Inspired Selector

The evaluated RL-inspired selector is not a trained reinforcement- learning pol-
icy. It contains no policy network, training episodes, policy-gradient updates,
or reward-driven parameter optimisation. Instead, it applies a fixed scoring rule
inspired by a contextual accept-or-reject formulation.

For candidate j, the normalised predictive entropy is

I log C '

C
ad 'c1 jc
. — ez Piclog(pjc +¢) @)

The Euclidean distance between the candidate embedding and the centroid of
its predicted class is min—-max normalised to d;. The fixed base score is

g; = 0.5H; +0.5(1 — d;). (3)
During greedy selection, a predicted-class balance penalty is applied:
aj = q; — 0.7Pa(j)- (4)

A candidate is accepted when a; > 0.15 or when its predicted class has not
reached the target allocation. If the budget remains unfilled, candidates are
added in descending order of g;.

All coefficients are fixed across datasets, shot settings, budgets, and seeds.
The results therefore evaluate a hand-weighted RL-inspired scoring rule rather
than a learned RL policy.

5 Experimental Setup

5.1 Dataset and Split Protocol

We use the official training and test partitions of CIFAR-10 and Fashion-MNIST.
For every dataset, class, and seed, the official training partition is shuffled once.
The first 100 samples per class form the maximum low-shot source, the next
100 samples per class form the validation set, and the following 500 samples per
class form the candidate pool.

The 10-, 50-, and 100-shot training sets are nested subsets of the same maxi-
mum low-shot source. The validation set and candidate pool remain fixed across
shot settings for a matched dataset and seed. The low-shot set, validation set,
candidate pool, and official test set are mutually disjoint. All split indices are
saved.

Fashion-MNIST images are resized to 32 x 32. CIFAR-10 remains three-
channel and Fashion-MNIST remains single-channel. Input values are linearly
scaled to [—1,1].
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5.2 Architecture and Training Configuration

The shared CNN consists of two 3 x 3 convolutional layers with 32 channels
followed by max pooling, two 3 x 3 convolutional layers with 64 channels fol-
lowed by a second max-pooling layer, and one 3 x 3 convolutional layer with 128
channels followed by adaptive average pooling. Each convolution is followed by
batch normalisation and ReLLU. The pooled representation is projected to a 128-
dimensional embedding, followed by ReLU and a linear 10-class classification
head.

All models are trained for 30 epochs using Adam with learning rate 1073,
weight decay 5 x 10™4, batch size 128, cross-entropy loss, and cosine annealing.
The checkpoint with the lowest validation loss is retained. We use random seeds
42, 123, and 256 for all methods.

5.3 Evaluation Protocol

We report test accuracy, macro-F1, area under the budget—accuracy curve
(AUBC), selected-set diversity, actual class-balance entropy, proxy distribu-
tional distance, and wall-clock selection and training cost. Results are aggregated
across all three seeds. Ground-truth candidate labels are used only after selection
for annotation and selected-set evaluation.

Controlled split — Base CNN — Feature extraction — Budgeted selection —
Label revelation — Downstream training — Test evaluation

Fig. 1. Experimental workflow. Candidate labels remain hidden until selection is com-
plete.

6 Results

6.1 Accuracy and Macro-F1

For each seed, results are first averaged across the three shot settings. We then
report the mean across seeds 42, 123, and 256; statistical uncertainty is retained
in Table 6. Tables 1 and 2 show that candidate data substantially improves
over the No Candidate reference. Random is strongest at the 25% budget on
both datasets, while Augmentation leads CIFAR-10 and k-center leads Fashion-
MNIST at 50%. At full budget, non-augmentation selectors use the identical
candidate set.

6.2 Budget-Accuracy Curve and Data Efficiency

To summarise efficiency across budgets we report the normalised area under the
budget-accuracy curve (AUBC) in Table 3; the RL-inspired selector’s per-shot
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Table 1. Aggregate CIFAR-10 performance across shot settings. Each entry reports
accuracy (%) / macro-F1.

Method 25% 50% 100%

No Candidate 37.37 / .3470 37.37 / .3470 37.37 / .3470
All Candidate 64.64 / .6444 64.64 / .6444 64.64 / .6444
Random 56.09 / .5613 60.89 / .6079 64.64 / .6444
Pseudo-label bal.  55.57 / .5552 60.34 / .6035 64.64 / .6444
Confidence 51.46 / .5088  59.04 / 5893  64.64 / .6444
Uncertainty 54.05 / .5399  58.61 / .5870  64.64 / .6444
k-center 55.14 / .5518 59.90 / .5985 64.64 / .6444
Feature-distance 52.52 / .5200 58.45 / .5817 64.64 / .6444
Augmentation 55.45 / .5442 61.34 / .6059 67.31 / .6684
RL-inspired 52.45 / .5199 59.20 / .5892 64.64 / .6444

Table 2. Aggregate Fashion-MNIST performance across shot settings. Each entry
reports accuracy (%) / macro-F1.

Method 25% 50% 100%

No Candidate 62.28 / .6036 62.28 / .6036 62.28 / .6036
All Candidate 88.08 / .8810 88.08 / .8810 88.08 / .8810
Random 84.78 / .8479 86.70 / .8671 88.08 / .8810
Pseudo-label bal.  84.04 / .8409 86.23 / .8621  88.08 / .8810
Confidence 79.08 / .7897 82.97 / .8299 88.08 / .8810
Uncertainty 80.65 / .8005 84.87 / .8474 88.08 / .8810
k-center 84.45 / .8437 86.89 / .8690 88.08 / .8810
Feature-distance 79.68 / .7957 84.66 / .8469  88.08 / .8810
Augmentation 81.11 / .7981 84.82 / .8418 88.18 / .8805
RL-inspired 83.44 / .8343 86.75 / .8677 88.08 / .8810

budget-accuracy breakdown is reported later in the per-shot analysis. Among
the budgeted conditions, Augmentation achieves the highest aggregate AUBC
on CIFAR-10 (0.6234), followed by Random (0.6134) and Pseudo-label-balanced
selection (0.6098). On Fashion-MNIST, k-center achieves the highest AUBC
(0.8688), although its advantage over Random (0.8684) is very small. The RL-
inspired selector reaches 0.5989 on CIFAR-10 and 0.8664 on Fashion-MNIST.
It is therefore relatively weak on CIFAR-10 but competitive with the strongest
selectors on Fashion-MNIST. These results indicate that no selection strategy
dominates across datasets and that simple Random selection remains a strong
baseline.

6.3 Selected Data Analysis

To understand why the methods rank as they do, we examine the composition
of the selected subsets. Table 4 reports diversity, class balance, and proxy distri-
butional distance at a representative operating point (CIFAR-10, 50 shots, 25%
budget), averaged over three seeds. Augmentation is omitted from this analysis
because its selected indices follow the Random baseline and its distinguishing
component is the use of input-space transformations during downstream train-
ing. Confidence selection produces the highest diversity (11.85), but it also has
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Table 3. Normalised AUBC, averaged across three shot settings and three random
seeds. Higher values indicate greater data efficiency.

Method CIFAR-10 F-MNIST
No Candidate 0.3737 0.6228
All Candidate 0.6464 0.8808
Random 0.6134 0.8684
Pseudo-label bal. 0.6098 0.8648
Confidence 0.5964 0.8402
Uncertainty 0.5986 0.8524
k-center (div.) 0.6069 0.8688
Feature-distance 0.5952 0.8497
Augmentation 0.6234 0.8532
RL-inspired 0.5989 0.8664

relatively weak class balance (0.954) and a large distributional distance (1.92).
Thus, high pairwise diversity alone does not guarantee strong downstream perfor-
mance. Random and Pseudo-label-balanced selection provide the closest distri-
butional alignment with the real low-shot data, with distances of 0.36 and 0.26,
respectively. Random obtains the highest actual-label balance (0.999), closely
followed by Pseudo-label-balanced selection (0.998). This distinction matters be-
cause the latter enforces balance in pseudo-label space rather than using hidden
ground-truth candidate labels. The RL-inspired selector has the lowest diversity
(5.03), lowest class balance (0.937), and largest distributional distance (2.31),
showing that its fixed soft penalties do not guarantee representative coverage.

Table 4. Selected-set properties at CIFAR-10, 50-shot, and 25% budget, averaged
across three seeds. Augmentation is omitted because its distinguishing component is
the downstream training transformation. Div.: mean pairwise feature distance; Bal.:
actual-label class-balance entropy (1.0 = uniform); Dist.: proxy distance to the real
low-shot data.

Method Div. Bal. Dist.
Random 9.09 0.999 0.36
Pseudo-label bal.  9.11 0.998 0.26
Confidence 11.85 0.954 1.92
Uncertainty 5.20 0.989 1.14

k-center (div.) 10.27 0.993 1.22
Feature-distance  8.52 0.988 1.11
RL-inspired 5.03 0.937 2.31
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6.4 RL-Inspired Results

The RL-inspired selector shows a dataset-dependent pattern. On CIFAR-10, it
remains below the strongest baselines in the aggregate comparison. On Fashion-
MNIST, it outperforms Pseudo-label-balanced selection in the 50-shot and 100-
shot settings at both the 25% and 50% budgets. Its strongest relative result oc-
curs in the Fashion-MNIST 100-shot setting at the 25% budget, where it reaches
86.19%. These findings indicate that the fixed scoring rule can be competitive
when the base representation is sufficiently stable, but its advantage does not
generalise across datasets.

6.5 Cost Analysis

Table 5. Average computational cost in minutes. Selection time excludes the shared
base-model training and feature-extraction stages.

CIFAR-10 F-MNIST
Method Sel. Train Total Sel. Train Total
Random 0.000012 0.2225 0.2225 0.000012 0.2194 0.2194

Pseudo-label 0.000019 0.2225 0.2225 0.000019 0.2198 0.2198
Confidence 0.000009 0.2225 0.2225 0.000009 0.2199 0.2199
Uncertainty  0.000008 0.2227 0.2227 0.000008 0.2198 0.2198
k-center 0.020637 0.2230 0.2436 0.019408 0.2200 0.2394
Feature-dist. 0.000069 0.2215 0.2216 0.000065 0.2181 0.2182
Augmentation 0.000011 1.4227 1.4227 0.000012 1.2000 1.2000
RL-inspired  0.001057 0.2224 0.2235 0.001069 0.2195 0.2206

Augmentation has the largest total cost because it increases the complexity
of downstream training. Among the subset-selection methods, k-center has the
highest selection overhead because of its iterative farthest-point computation.
The additional cost of the RL-inspired scoring rule remains small relative to
classifier training.

6.6 Statistical Analysis

We report the mean, standard deviation, and 95% confidence interval across
three random seeds. Paired comparisons use matched shot, budget, and seed
configurations and are conducted separately for each dataset. Because the ex-
periments use three seeds, the confidence intervals are interpreted as measures of
experimental uncertainty rather than evidence of universal method superiority.
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Table 6. Paired accuracy comparisons against Random selection. Tests use matched
shot, budget, and seed configurations. Adjusted p-values use Holm correction.

Dataset Comparison n Mean diff. p Adjusted p
CIFAR-10 Pseudo-label balanced vs Random 36 0.0004 0.8516 0.8516
CIFAR-10 k-center vs Random 36 —0.0048 0.1675 0.3350
CIFAR-10 RL-inspired vs Random 36 —0.0148 0.0005 0.0015
Fashion-MNIST Pseudo-label balanced vs Random 36 —0.0050 0.0030 0.0091
Fashion-MNIST k-center vs Random 36 —0.0016 0.3291 0.3291
Fashion-MNIST RL-inspired vs Random 36 —0.0102 0.0804 0.1608

7 Discussion

The results do not identify a universally dominant strategy. Random selection
remains a strong baseline at limited budgets. Augmentation provides the highest
aggregate efficiency on CIFAR-10, but its training cost is substantially larger.
K-center obtains the highest Fashion-MNIST AUBC by a very small margin over
Random. The per-shot results also show that Uncertainty becomes more effective
as the initial labelled set grows, indicating that acquisition quality depends on
the reliability of the base classifier.

Selected-set analysis shows that diversity alone does not guarantee strong
downstream performance. Confidence produces the most diverse subset but also
exhibits weak class balance and poor distributional alignment. The RL-inspired
selector is competitive on Fashion-MNIST but not on CIFAR-10. Its fixed weights
therefore do not provide a dataset-independent selection rule.

8 Limitations and Threats to Validity

The benchmark covers two relatively small datasets, a compact CNN, and a con-
trolled class-balanced candidate pool. Conclusions may change for larger images,
deeper backbones, noisy labels, or naturally imbalanced deployment data. Three
seeds support matched comparisons, although additional repetitions would im-
prove statistical precision. The RL-inspired selector is a fixed scoring rule and
cannot support claims about policy learning or reward optimisation. Future work
should evaluate learned selector weights, controlled component ablations, larger
datasets, deeper architectures, and naturally imbalanced candidate pools.

9 Conclusion

We presented a controlled benchmark of budget-aware data selection for low-shot
image classification. Adding candidate data provides a substantial improvement
over training only on the initial labelled set, but no selection strategy performs
best across all conditions.
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Augmentation achieves the highest aggregate AUBC on CIFAR-10, while

k-center achieves the highest Fashion-MNIST AUBC by a narrow margin over
Random. Diversity alone does not explain downstream performance; class cov-
erage and distributional alignment are also important.

The RL-inspired selector is a hand-weighted scoring rule rather than a trained

policy. It is competitive in several Fashion-MNIST settings, but its benefit does
not generalise consistently across datasets. These findings position the work as
a controlled empirical benchmark rather than a new reinforcement-learning al-
gorithm.
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