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Abstract

Foundation models for wvision have transformed vi-
sual recognition with powerful pretrained representa-
tions and strong zero-shot capabilities, yet their po-
tential for data-efficient learning remains largely un-
tapped. Active Learning (AL) aims to minimize anno-
tation costs by strategically selecting the most informa-
tive samples for labeling, but existing methods largely
overlook the rich multimodal knowledge embedded in
modern vision-language models (VLMs). We introduce
Conformal Cross-Modal Acquisition (CCMA),
a novel AL framework that bridges vision and lan-
guage modalities through a teacher—student architec-
ture. CCMA employs a pretrained VLM as a teacher to
provide semantically grounded uncertainty estimates,
conformally calibrated to guide sample selection for a
vision-only student model. By integrating multimodal
conformal scoring with diversity-aware selection strate-
gies, CCMA achieves superior data efficiency across
multiple benchmarks. QOur approach consistently out-
performs state-of-the-art AL baselines, demonstrating
clear advantages over methods relying solely on uncer-
tainty or diversity metrics.

1. Introduction

In recent years, artificial intelligence has undergone
a paradigm shift with the rise of foundation mod-
els, such as DALL-E [34], GPT-3 [8], Dinov2 [30],
trained on broad data at scale. While these mod-
els provide powerful, transferable visual representa-
tions, their development requires massive amounts of
curated data and computation resources. This chal-
lenge is especially pronounced in classification tasks,
where large annotated datasets remain essential for
high accuracy [11]. To alleviate annotation and train-
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ing costs, Active Learning (AL) has emerged as a com-
pelling framework that aims to reduce annotation re-
quirements by selecting the most informative samples
for labeling [21, 26, 38, 39].

Pretrained visual features from foundation models
have recently improved AL pipelines [9, 16, 44], but
most existing approaches remain wvision-only. Vision
Language Models (VLMs) [6], such as CLIP [33], of-
fer an untapped opportunity: their text-image align-
ment captures high-level class semantics, suggesting
that they could provide more informative signals for
sample selection than standard visual features alone.
Preliminary attempts to use VLMs for AL focus mostly
on prompt tuning [4, 5], leaving unexplored how to ex-
tract or quantify uncertainty from multimodal repre-
sentations.

A key challenge arises: VLM outputs are often mis-
calibrated, domain-dependent, and not directly com-
parable to task-specific classifier probabilities, limiting
their direct use as uncertainty oracles. Conformal Pre-
diction (CP) [1, 29, 42, 43, 45] offers an appealing solu-
tion by providing distribution-free, per-sample uncer-
tainty sets that remain valid regardless of model ar-
chitecture or miscalibration. However, existing confor-
mal AL methods [22, 28] operate strictly within a sin-
gle modality and do not leverage cross-modal semantic
structure. Likewise, existing VLM-based AL does not
use CP to fuse information from different models.

This gap motivates our research question: Can we
incorporate the semantic structure of VLMs into an
active learning acquisition function using distribution-
free conformal calibration? We answer affirmatively
by developing Conformal Cross-Modal Acquisi-
tion (CCMA), a novel AL framework that bridges vi-
sion and language modalities through calibrated uncer-
tainty estimation. CCMA employs a pretrained VLM
as a teacher to generate semantically grounded predic-
tion sets, which are conformally calibrated to provide



distribution-free uncertainty estimates for guiding a
vision-only student model. By integrating cross-modal
conformal scoring with diversity-aware selection strate-
gies, CCMA achieves superior data efficiency across
multiple benchmarks.

Our main contributions are as follows:

We propose a teacher—student conformal scor-
ing mechanism that aligns vision-only predictions
from a student model with text—image guidance
from a pretrained VLM teacher. By construct-
ing conformal prediction sets calibrated on held-out
data, CCMA provides distribution-free, per-sample
uncertainty that is robust across datasets and archi-
tectures.

. We introduce a selective subpooling strategy
based on clustering in CLIP [33] feature space,
which preserves geometric diversity while substan-
tially reducing the number of candidates to be
scored. Combined with an uncertainty-weighted
coverage objective, CCMA achieves an effective
trade-off between scalability and informativeness,
enabling efficient active selection without accuracy
degradation.

We conduct extensive experiments on multiple
image classification benchmarks, showing that
CCMA consistently outperforms state-of-the-art ac-
tive learning baselines across diverse domains and
modalities.

We provide a detailed analysis of the role of VLMs
in active learning, revealing that CCMA excels
when meaningful teacher—student discrepancies ex-
ist, while performance saturates once the teacher
approaches oracle accuracy—transitioning the chal-
lenge from uncertainty estimation to coverage opti-
mization.

2. Related Works

2.1. Active Learning

In pool-based AL [14, 19, 41] and classification tasks,
the AL problem can be defined as follows: The whole
dataset at first presents a small labeled dataset part
named £ = {(z;,y;)}}Z, and a larger unlabeled part
named U = {z;},, where M <« N, y; € {0,1}
is the class label of z; for binary classification, or
yi € {1,...,C} for multi-class classification with C
classes. The process involves selecting instances from
the unlabeled dataset I/ in a greedy manner, guided by
a set of informativeness metrics called acquisition func-
tions. In each iteration ¢, a batch D; of size B from U
is selected based on the learned model M and an acqui-
sition function A(z, M), and queries their labels from
the oracle. Data samples can be selected according to
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their acquisition score by Dy argﬁlaxxeuA(a:,M),
where the superscript B indicates selection of the top
B points. In general, to reduce computational costs,
a subpool Dpee1 is drawn from the unlabeled dataset

U, on which the acquisition function will be computed:

Dy = argglaxmeppmlfl(x, M).

Acquisition functions. Uncertainty-based meth-
ods query unlabeled instances where the model is
most uncertain. Entropy [46] measures total predic-
tive uncertainty by selecting samples with the high-
est entropy, while Margins [36] examines the gap be-
tween the top two class probabilities, selecting those
with the smallest margin. Another Uncertainty base-
line [25] selects samples with the lowest maximum pre-
dicted probability. Beyond these point-estimate ap-
proaches, Bayesian active learning by disagreement
(BALD) [14] targets examples that maximize mutual
information between predictions and the parameter
posterior. PowerBALD [23] extends this by account-
ing for correlations among queried samples, thereby
reducing the redundancy inherent in top-B selection
strategies. Most recently, UHerding [3] maximizes an
uncertainty-weighted coverage objective by using cali-
brated uncertainties and a shrinking kernel to balance
diversity at low budgets with pure uncertainty at high

budgets.
The choice between uncertainty-based and
representativity /diversity-based  acquisition  func-

tions reflects an exploration—exploitation trade-off,
motivating hybrid approaches that combine or
alternate between both [20, 47]. Mixup-based meth-
ods, such as Alfa-miz [31], interpolate unlabeled
samples to create synthetic queries, whereas our
approach operates directly in feature space and uses
probabilistic set constructions to guide informative
selection. Representative-based methods aim to cover
the data distribution. Classical approaches such as
the k-center greedy method [12] and Coreset [40]
minimize distances to cluster centers. Similarly,
Typiclust [18] queries typical points within clusters,
while ProbCover [48] avoids outliers to improve
representativeness. Leveraging clustering within a
semantically meaningful feature space that is obtained
via self-supervised learning further promotes diverse
sampling.

2.2. Conformal prediction

Conformal prediction (CP) [45] provides distribution-
free, finite-sample uncertainty quantification by pro-
ducing prediction sets that contain the true label with
user-specified coverage under the exchangeability as-
sumption [42]. It has been explored in AL to quan-
tify model uncertainty for regression [28] and classi-
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Figure 1. Overview of our proposed AL framework CCMA for image classification by exploring conformal
prediction with multimodal uncertainty and diversity for efficient data acquisition. Given labeled data £ and
an unlabeled pool U, a frozen vision encoder (student) and a frozen VLM (teacher) serve as feature extractors, while a

simple linear classifier is trained on the student features.

(1) A selective subpool is formed via CLIP-space clustering.

(2—3) Student and teacher posteriors ps, pr are calibrated into conformal sets I's, ['r. (4) Multimodal disagreement Q(z)
combines entropy and Jensen-Shannon (JS) divergence for uncertainty scoring é(x). (5) Top-ranked samples are oversampled
and clustered with uncertainty-weighted coverage for the final diverse selection.

fication [27] tasks. One approach ranks samples by
conformal uncertainty, selecting those with the small-
est p-values or the largest nonconformity (CoPAL [22]
and related CPAL variants [28]). Another approach
aims to reduce annotation costs by querying candidate
class sets that are guaranteed to include the true label,
prioritizing examples with small yet reliable sets [17].
However, these methods are typically unimodal, assign-
ing each example a scalar based on a single model’s
conformity or set size, while addressing diversity only
heuristically.

2.3. Active Learning in VLMs

Foundation models [6], including vision—language mod-
els (VLMs), are trained on large unlabeled or noisy
data, learning representations that enable strong zero-
and few-shot performance. These properties make
them natural candidates for active learning (AL),
which seeks to maximize labeling efficiency. Although
the two paradigms can complement each other [5], their
integration remains mainly underexplored [16]. Yet,
applying conventional AL frameworks to pretrained
VLMs can sometimes degrade performance [4, 49], mo-
tivating the development of AL strategies tailored to

VLMs. For instance, [37] combines calibrated en-
tropy with self- and neighbor-aware uncertainty to
produce more reliable selection scores, narrowing the
zero-shot—supervised gap of VLMs. Unlike their work,
which applies AL for prompt tuning, we leverage cross-
modal knowledge from VLM teachers to guide sample
selection for vision-only students.

Concluding, while AL seeks to minimize annotation
cost by selectively querying the most informative sam-
ples, its effectiveness is often hindered by unreliable
uncertainty estimates from purely vision-based models.
Recent VLMs provide semantically rich, cross-modal
representations that can guide AL toward more mean-
ingful and transferable sample selection. In this paper,
we address this limitation by introducing a conformal
prediction framework that bridges the uncertainty gap
between visual and textual modalities, thereby enhanc-
ing both the efficiency and robustness of AL.

3. Our method: Conformal Cross-Model
Acquisition (CCMA)

We propose a multi-modal conformal acquisition func-
tion that integrates diversity sampling with uncertainty
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estimation, using a student-teacher disagreement score.
The approach follows a five-stage process, as depicted
in Fig. 1.

3.1. Diverse subpool selection

We adopt a compute-aware candidate selection strategy
by compressing the unlabeled pool U into a smaller
candidate set C of size |C| < |U|. To construct C, we
cluster the VLM image embeddings ¢(z) : x € U in ¢-
space (introduced in Sec. 3.2) and choose one or a few
representative points from each cluster using k-Means.
We then apply the subsequent steps of CCMA ex-
clusively to C. This approach reduces the per-round
scoring cost from O(|U|B) to O(|C|B) with |C] < |U|,
while preserving coverage of the pool. Empirically, this
diversity-selected subpool consistently outperforms an
equally sized random subpool, yielding higher accuracy
at low budgets and maintaining robustness without in-
curring the high computation of full-pool selection.

3.2. Two predictors: student and teacher

For a given sample image =, we use image embeddings
from pretrained VLM ¢(z) € R? and text prototypes
{t.}$, C R4, all fr-normalized. The VLM teacher
produces logits ¢7(c | ) = ¢(z)"t./7, where T is the
temperature parameter. The posterior is then obtained
via the softmax function:
pric| ) = Tl
>0, expltr(e | @)
The student classifier fg operates on a separate back-
bone feature z(z) € RP (e.g., extracted from DINOv?2)
and outputs class probabilities ps(c | ). The student
consists of a feature adapter ¥y(-) and a linear classifi-
cation head with weight matrix W € RE*P with bias
beRY, he(z) = Wipg(z(z)) + b, yielding:

exp (he(w)) .
o1 exp (her ()

We train the parameters 6, W, and b using cross-
entropy loss on the labeled set and evaluate the best
checkpoint to obtain {ps(c | z)}¢; for all = in the
candidate subpool.

(1)

(2)

ps(c|z) =

3.3. Two calibrated set predictors (split conformal)

For conformal prediction calibration, we define the
nonconformity score as an(z,c) —logpm(c | ),
where pp,,(c | ) denotes the predicted probability of
class ¢ given input x, and m € {T,S} refers to the
teacher T and student S. In a calibration split C..) C D,
we determine thresholds g, for either the target ex-
pected set size s,, or the marginal coverage 1 — ay,.
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For size-targeted calibration, we find ¢,, by bisection
such that

1
|Ccal| (

>

z,y)€Ccal

3)

He: am(z,¢) < gm}| = Sm.

For coverage-targeted calibration, we set ¢, as the
empirical (1 — a,,)-quantile of nonconformity scores
{am(z,y) : (x,y) € Ccar}, guaranteeing split-conformal
marginal coverage > 1 — a,,, where a,, € [0, 1] repre-
sents the tolerated error rate. The set-valued predic-
tors are then

Tp(z) ={c€[C]: am(z,c) < gm} (4)

We never force-add labels to T'y,(z); if sets are too
small/large, we resolve ¢,,, to meet (3). Because the cal-
ibration is split-conformal and applied independently
to both modalities, this procedure is distribution-free
and does not assume that the VLM teacher is well-
calibrated or domain-aligned. Unlike prior AL meth-
ods that rely on raw VLM logits or treat VLMs as
oracle predictors [37], our calibration guarantees valid
finite-sample coverage for both teacher and student,
making the cross-modal guidance robust even under
severe teacher miscalibration or distribution shift.

3.4. Cross-modal disagreement scoring

Given the conformal label sets I's(z) and I'r(x), their
union support is defined as Q(z) = Tg(z) UTr(z) C
{1,...,C}. For any posterior p,,(- | ) € A®~!, with
m € {T, S}, the distribution is renormalized over (z):

pm(c]| z) I{c € Q(x)}
EC’GQ(JJ) pm(c’ | m)

with indicator function 1. Once the renormalized pos-
teriors p% and pg are obtained, the Jensen—Shannon
(JS) divergence between them is computed as:

Q Q
| %)

Q Q
+ LKL (p§ | 2

; ()

Q
prlclz) =

IS(p?lIps)

(6)

).
where KL(p || 7) is the Kullback—Leibler divergence be-
tween distributions p and r. To dynamically balance
the contributions of the student and teacher predic-
tions, we introduce a parameter-free confidence gate.
First, we define the top-1 confidence scores for the stu-
dent and teacher models as confg(z) = max. pg(c | z),
and confr(z) = max.pr(c | z), respectively. Using
these confidences, the confidence gate weight is com-
puted as

confr(x)

0,1
confr(z) + confg(z) + ¢ € [0.1]

(7)

wis(z) =



where ¢ > 0 is added for numerical stability. Intu-
itively, wjs(z) increases when the teacher is more con-
fident than the student, thereby giving the teacher
a greater influence on the final prediction, and vice
versa. In early AL rounds, the teacher typically ex-
hibits higher confidence and thus contributes more
strongly to the score, whereas in later rounds, the stu-
dent naturally takes over as its predictions sharpen.
This adaptivity arises without additional hyperparam-
eters and avoids committing to either a fully teacher-
driven or student-driven rule, leading to the final score:

o(x) = wis(x) I8(p | %)

(8)
+ (1 —wis(x)) Hs(y | z),

where H, S(y | a:) is the entropy of the student’s predic-
tions:

C

=Y ps(e|x) logps(c| x).

c=1

Hs(y | x) 9)

3.5. Uncertainty-weighted coverage selection

To construct a query batch of size B, we first define a
candidate set
Sep={ziceU|r, <kB}, r;=rank (d(z;))

where d(z;) denotes the disagreement-based uncer-
tainty score and k > 1 the oversampling factor. Hence,
S.p contains the kB most uncertain samples, from
which the final batch S C Sip, |S| = B, is selected
by maximizing the uncertainty-weighted coverage:

Z(S

ueU

maxk (b(u), q/)(s)), (10)

Tl

where k. is a similarity kernel on the embedding space
¢(+). The factor k trades off efficiency and accuracy: a
larger xk improves diversity and coverage at the cost of
longer query time.

4. Experiments

4.1. Experimental Setups

Datasets. We evaluate our CCMA’s perfor-
mance against a suite of state-of-the-art AL
methods across several benchmark datasets: CI-

FARI100 [24], Food101 [7], and DomainNet-Real [32],
Caltech101 [13], Caltech256 [15] (see Appendix A).

Implementation details. We employ a frozen
CLIP [33] ViT-L/14 [10] model as the teacher, where
the text encoder provides class-wise prototypes for each
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downstream category using standard prompts such as
“A photo of a [CLS].” (see Appendix B). For each
sample, logits are computed via temperature-scaled
cosine similarity between image and text embeddings
as described in Section 3.2, with a fixed temperature
7 = 0.01 (CLIP default) and 7 = 0.03 for ablations.
The student is a frozen vision-only backbone from DI-
NOv2 [30] followed by a linear classification head.

For active learning, we follow the training protocol

of [16], running ¢t = 20 iterations with five seeds {1,
10, 100, 1000, 10000}, and report the mean accuracy
averaged over seeds. Unless otherwise stated, we fix
the oversampling factor k = 20, target set sizes sp = 3
and sg = 5, and investigate the sensitivity to x in
Section 4.4. Each query round acquires B samples, e.g.,
B =100 for CIFAR100. Linear heads are trained using
AdamW with a learning rate of 1072, weight decay of
1072, and dropout rate p = 0.75.
Baselines. We benchmark results using our method
with eleven AL baselines: random sampling (Random),
uncertainty-based (Entropy, Margins, Uncertainty,
BALD, BADGE, PowerBALD denoted by pBALD,
Alfa-mix), representation-based (Coreset, Typiclust,
ProbCover).

4.2. Experimental Results
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Figure 2. Labels required to reach target accuracies of 80%
(blue), 85% (orange), and 90% (green) on Food101 and
DomainNet-Real. Lower values indicate higher label effi-
ciency. CCMA consistently reaches each accuracy threshold
with fewer labeled samples than uncertainty- and coverage-
based baselines, demonstrating improved sample efficiency
across both datasets, especially in low-budget regimes.



Result analysis. Across all datasets, CCMA com-
petitively outperforms existing active learning strate-
gies in both early- and late-stage acquisition, demon-
strating its effectiveness in leveraging cross-modal un-
certainty for sample selection (Table 1). On CI-
FAR100, CCMA achieves the highest final accuracy of
91.6%, surpassing the strongest baseline (BADGE) by
+0.3% and maintaining a clear advantage throughout
all acquisition rounds. Food101 and DomainNet-
Real show similar trends, with CCMA reaching 90.8%
and 85.5%, respectively, outperforming all compet-
ing uncertainty- and diversity-based methods, includ-
ing BALD, pBALD, and Coreset. The gains are
slightly improved in the early iterations (¢ < 8), where
most baselines suffer from unstable uncertainty esti-
mates, whereas CCMA benefits from the calibrated
teacher—student disagreement, which provides more re-
liable per-sample confidence. Moreover, the improve-
ments persist even in later rounds, indicating that
CCMA does not merely focus on high-entropy regions
but maintains semantic coverage through conformal
calibration and diversity-aware selection. Notably, our
conformal scoring adaptively balances the influence of
teacher and student confidence, allowing the model to
rely more on the student as its predictions become more
reliable in later rounds, while still leveraging teacher
guidance in early uncertain stages. This dynamic in-
terplay enables CCMA to achieve a better balance be-
tween exploration (via subpool diversity) and exploita-
tion (via multimodal uncertainty), leading to consis-
tent gains across acquisition cycles.

Label efficiency analysis. In Fig. 2a, on Food101,
CCMA and ProbCover are the only methods able to
reach 85% accuracy with fewer than 750 labeled sam-
ples. ProbCover performs competitively in the very
low-budget regime due to its coverage-driven selection,
which encourages early diversity and helps the model
learn coarse class boundaries with minimal supervision.
However, as the labeling budget increases, its lack of
calibrated uncertainty limits further improvement. In
contrast, CCMA maintains strong performance across
all budget levels, the only method that achieves 90%
accuracy with fewer than 1.8K labeled samples, demon-
strating its ability to exploit both uncertainty and di-
versity in a calibrated multimodal manner.

On the more challenging DomainNet-Real bench-
mark, which features significant domain variability and
cross-category visual shifts, CCMA stands out as the
only method capable of rapidly reaching 80% accu-
racy with fewer than 2K labeled samples, as shown
in Fig. 2b. In contrast, other active learning base-
lines require substantially more annotations to achieve
comparable performance. At higher accuracy thresh-
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olds, where many AL methods fail to progress be-
yond 85%, CCMA, Badge, and PowerBALD remain
the only approaches able to reach this level, albeit
with larger budgets exceeding 6K samples. These re-
sults demonstrate that CCMA provides a favorable
balance between early-stage label efficiency and sus-
tained learning capacity, maintaining competitive per-
formance even as the annotation budget increases.

4.3. When is the student better than the teacher in
AL?

=
A

Moverlap

10

15

AL iteration
(a) CCMA overlap

5 10 15

AL iteration
(b) Fraction Top-1
Disagreement

— CIFAR100 — Caltech101 — Caltech256 — Food101

Figure 3. CCMA diagnostics in the overlap and the fraction
Top-1 disagreement between teacher and student.

Modern active learning typically assumes a single
learner, whereas CCMA introduces a teacher—student
interaction in which a pretrained VLM teacher guides a
vision-only student through conformal uncertainty cali-
bration. But does this guidance always help, and under
which conditions can the student surpass the teacher?

To address this, we analyze benchmarks
using two diagnostics: mean CCMA over-
lap  (Koverlap i eeu Tr(@) N Ts(@)])
and Top-1 disagreement fraction (dyop-1 =

|71\ > weu Llargmax pr(z) # argmaxpg(z)])  shown
in Fig. 3. On CIFAR100 and Food-101, the growing
overlap and gradual decay of disagreement indicate
that the teacher and student maintain complementary
uncertainties across several rounds. CCMA capi-
talizes on this sustained mismatch, enabling more
label-efficient learning and improved accuracy. In
contrast, on Caltech101 and Caltech256, both overlap
and disagreement flatten early, indicating that the
student rapidly aligns with the teacher. Once this
stage is reached, the teacher provides only a little new
information, and the AL selection process becomes
limited. As a result, uncertainty-based methods
(e.g., BALD or BADGE) gain advantages in later
rounds. This trend is reflected in the accuracy curves
(Fig. 4), where CCMA outperforms Random and
other baselines, and achieves the highest accuracy on



Table 1. Mean accuracy averaged over 5 runs along with the standard deviation at AL iterations ¢ for datasets CIFAR100 [24],
Food101 [7], and DomainNet-Real [32] when utilizing the random initialization with DINOv2 ViT-gl4 as the feature ex-
tractor. Bold values represent the first-place mean accuracy at iteration ¢, with the second-place value underlined.

t ‘ Random  Uncertainty  Entropy Margins BALD pBALD Coreset BADGE Alfa-mix  ProbCover CCMA (ours)
CIFAR100
1 480422 480422 480422 480+22 480422 480422 480+22 480+22 48.0+22 480422  48.0+2.2
4 | 787+1.6 T44+18 670+1.2 826+1.1 804+05 83.9+08 77.9+09 841+06 788+14 770458  834+12
8 | 858407 842+09 80.7+£22 87.9+07 852+04 834+03 843+1.0 885+04 87.7+08 81.7+46  88.7+06
16 | 89.24+0.2 88.9+0.8 87.8+£0.5 90.7+0.2 884+03 906+02 883£0.8 90.8+0.1 90.6x0.2 86.3£2.6 91.1+04
20 [ 89.84+0.2 89.9+05 894401 91.2+00 89.6+03 91.24+0.2 839406 91.3+0.1 91.2+02 88.0+18  91.6+0.2
Food101
1468419 468419 468+19 468419 468+1.9 468+1.9 468+19 468419 468+1.9 468+1.9  468+1.9
4 | 770411 63.0+32 586415 754+21 622+24 781421 628437 762+18 77.7+16 820+09  781+09
8 | 838403 76.1+18 73.0+24 847+07 73.8+23 85.0+08 728429 848+09 85.1+11 86.0+05  86.1+0.5
16 | 874404 848415 819+15 89.2+08 823+1.7 893403 80.0+14 89.3+03 89.14+02 884+03  90.1+0.2
20 [ 882403 864+1.0 845409 90.0+0.1 843+11 90.1+03 82.8+1.1 902+03 90.2+0.1 887+05  90.8+0.2
DomainNet-Real
1 447408 447408 447+08 447408 447408 447408 447+08 447408 447408 447408 447408
4 173.0+£07 640+11 58.6£2.7 729405 694+05 75706 691+£11 755+06 T726+03 76.3+0.6 T7T.7+0.5
8 | 792402 743+06 708408 794+05 763+0.6 80.8+0.2 757+04 808+0.1 787+04 789408  82.0+0.2
16 | 8214+03 804+04 79.0£04 835+02 809+04 839+£02 803£05 842402 81.7x05 79.5£0.5 84.6 £0.2
20 | 828401 822402 809403 848+00 821+03 847+02 81.4+06 85.0+0.1 827+07 79.7+05  855+0.1
Caltech256 under low-budget settings (< 2K samples) 1
before plateauing as teacher—student disagreement
collapses. In contrast, on Caltech101, CCMA re- > 0-9 Random Uncertainty
mains competitive but only slightly exceeds Coreset g 08 ]intmpf I\ézi‘gs
. . . . .. : Joreset —— 1
and TypiClust, consistent with its coverage-limited 9
' > pBALD —— BADGE
nature. Overall, these findings reveal that CCMA 0.7 Alfa-mix Typiclust
excels when meaningful teacher—student discrepancy —— CCMA
persists—providing semantically grounded uncertainty 0.6 S S N N QL
signals that guide efficient exploration. Additional @Q %90 %QQ & @90
diagnostics, including JS divergence and confidence Samples
trends, are provided in the supplemental material for (a) Caltech256
completeness (see Appendix F). - - - -
4.4. Impact of hyperparameter choice . 09 Random Uncertainty
The experiments on Food101 and CIFAR100, shown in g Entropy Margins
Fig. 5, reveal that increasing # from 1 to 20 subst g Ot —— o ]
'ig. 5, reveal that increasing  from 1 to 20 substan- S PBALD —— BADGE
tially enhances accuracy, especially when the sample 0.7 — Alfamix Typiclust |
size is small. Beyond x = 20, however, the perfor- CCMA
mance gain plateaus, as higher values (e.g., 30) produce 0.6 — 1 = = S : ‘
: : : S O & & L & L
nearly identical accuracy curves. This suggests that v 9 I GG PPN
Kk = 20 effectively captures the benefits of oversam- Samples

pling, with larger values offering negligible additional
improvements.

The student’s performance is directly tied to the
clarity of the teacher’s signals. Fig. 6 demonstrates
that a lower temperature parameter (7 = 0.01) pro-
vides stronger, more informative supervision, enabling
the student to achieve higher accuracy with fewer sam-
ples. Conversely, a higher 7 (7 = 0.30) dilutes the
teacher’s guidance. However, as labeled size increases,
the student trained without teacher guidance eventu-
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(b) Caltech101

Figure 4. Test mean accuracy over 5 seeds for CCMA with
other AL methods on Caltech256 and Caltech101 datasets.

ally reaches the same high-7 teacher’s performance.
The student ultimately benefits from strong initial
guidance, but may outgrow the teacher’s utility as the
labeled set grows. This motivates CCMA’s hybrid rule,
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Figure 5. Effect of oversampling factor .
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Figure 6. Motivation for investigating the impact of the
teacher model in CCMA method. We report the CCMA’s
accuracy in three different regimes when the teacher is con-
fident (7 = 0.01), weak (7 = 0.30), and disabled on the
Food101 benchmark.

which uses teacher—student disagreement early and stu-
dent entropy once the student becomes more reliable.

4.5. Ablation study

On CIFAR100, Foodl0l, and DomainNet-Real,
teacher—student mismatch is initially informative, and
CCMA exploits it to achieve the best accuracy and
label efficiency. Ablations show both subpool and
final diversity matter, while a parameter-free con-
fidence gate preserves performance without dataset-
specific tuning. Query-time overhead is minimal, mak-
ing CCMA a practical, data-aware active learner that
knows when to trust the teacher and when to trust
itself.
Setup. We evaluate five query variants on CI-
FAR100 (5 seeds; mean): V1 (ours)—selective subpool
+ final diversity; V2—mno subpool + final diversity;
V3—random subpool + final diversity; V4—selective
subpool, no diversity; V5—mno subpool, no diversity.
We report the metric Area Under Learning Curve
(AULC) [35] over rounds, along with the mean query
time/round as shown in Fig. 7.

Across all variants, the component that most di-
rectly lifts accuracy is the final diversity stage. Remov-
ing only diversity (V4) depresses AULC from 0.859

5154

oo
5 082} V2 . |
< 08| 2
0.78 \.VS | | | | Vé\l
0 05 1 15 2 25 3

Mean query time per round (s)

Figure 7. AULC over round vs mean query time per round
on the CIFAR100 dataset.

to 0.809, indicating that disagreement scoring alone
is not sufficient to prevent redundancy in selected
batches. By contrast, retaining diversity while alter-
ing the scope of scoring primarily affects efficiency.
Scoring the full pool with diversity (V2) is markedly
faster than our default (V1), but the curated subpool
in V1 yields a clear accuracy margin: +0.031 AULC,
at the cost of longer query time (3.02s). A large ran-
dom subpool with diversity (V3) provides a particu-
larly attractive trade-off, achieving 0.835 AULC at
only 0.51s, which is roughly 6 x faster than V1 for
a modest AULC loss of 2.4%. The ablations without
diversity (V4, V5) consistently underperform their di-
versified counterparts (V2, V3), reinforcing that cross-
modal disagreement must be paired with within-batch
coverage to convert informative uncertainty into label
efficiency. Overall, the evidence supports the view that
diversity provides the accuracy gains while curated sub-
pooling controls scale: our full method (V1) achieves
the highest accuracy, while V3 provides the best op-
tion under strict time budgets.

5. Conclusion

We proposed Conformal Cross-Modal Acquisition
(CCMA), an active learning framework that combines
conformal teacher—student uncertainty with diversity-
aware selection for efficient dataset curation. By lever-
aging pretrained VLM guidance and calibrated predic-
tion sets, CCMA provides more reliable selection sig-
nals than vision-only baselines, yielding strong label
efficiency across diverse benchmarks. Our findings also
reveal when multimodal guidance is beneficial versus
when coverage dominates, offering actionable insight
into deploying VLMs for real-world AL.

Future work. We aim to extend CCMA to emerging-
class and cross-domain settings, and to explore adap-
tive teacher—student co-learning for more scalable mul-
timodal active learning.
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