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Abstract

Modern semantic segmentation models require extensive pixel-level annotations, creating
a significant barrier to practical deployment as labeling a single image can take hours of
human effort. Active learning offers a promising way to reduce annotation costs through
intelligent sample selection. However, existing methods rely on poorly calibrated confi-
dence estimates, making uncertainty quantification unreliable. We introduce Conformal
Risk Controlled Active Learning (CRC-AL), a novel framework that provides statistical
guarantees on uncertainty quantification for semantic segmentation, in contrast to heuristic
approaches. CRC-AL calibrates class-specific thresholds via conformal risk control, trans-
forming softmax outputs into multi-class prediction sets with formal guarantees. From
these sets, our approach derives complementary uncertainty representations: risk maps
highlighting uncertain regions and class co-occurrence embeddings capturing semantic
confusions. A physics-inspired selection algorithm leverages these representations with a
barycenter-based distance metric that balances uncertainty and diversity. Experiments on
Cityscapes and PascalVOC2012 show CRC-AL consistently outperforms baseline methods,
achieving 95% of fully supervised performance with only 30% of labeled data, making
semantic segmentation more practical under limited annotation budgets.

Keywords: semantic segmentation; image segmentation; machine vision; active learning;
conformal prediction; conformal risk control; deep learning; neural networks

1. Introduction
Semantic segmentation, the task of assigning a semantic label to every pixel in an

image, is fundamental to numerous computer vision applications, including autonomous
driving [1], medical imaging [2], robotics [3], and aerial imaging [4]. Unlike image classi-
fication, which produces a single label per image, semantic segmentation requires dense,
pixel-level predictions that capture fine-grained boundaries between objects and regions.
This granularity is essential for applications requiring detailed scene understanding.

The remarkable success of deep learning in semantic segmentation comes at a sig-
nificant cost: the need for vast amounts of meticulously labeled training data. Creating
pixel-level annotations is extraordinarily labor-intensive compared to other vision tasks.
For instance, annotating a single image from the Cityscapes dataset requires an aver-
age of 1.5 h of human effort [5], as each image contains urban street scenes with up to
30 object categories. This annotation bottleneck severely limits the scalability of supervised
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learning approaches and motivates methods that achieve high performance with minimal
labeled data.

Active learning [6–9] offers a principled solution by strategically selecting which sam-
ples to annotate rather than relying on random sampling. The core insight is that not all
training samples contribute equally to model performance. By iteratively selecting the
most informative samples from a pool of unlabeled data, active learning can significantly
reduce annotation requirements while maintaining model performance. The key challenge
is designing an effective querying strategy that selects samples maximizing model improve-
ment while minimizing annotation cost. The effectiveness of a querying strategy hinges on
how it defines and measures sample informativeness.

Most strategies define informativeness through uncertainty estimates derived from
model predictions, which makes the reliability of these estimates central to the effectiveness
of active learning. A fundamental limitation of existing uncertainty estimation methods
is their reliance on heuristic measures, such as those derived from softmax probabili-
ties [10,11], or gradient magnitudes computed using pseudo-labels [12]. Despite their
widespread use, these approaches fail to address the well-documented calibration problem
in modern neural networks [13,14], where models tend to produce overconfident probabil-
ity estimates even when their predictions are incorrect. This miscalibration is particularly
severe in semantic segmentation for two reasons. First, the dense prediction setting re-
quires thousands of per-pixel classifications for each image, with each classification being
vulnerable to overconfidence. Second, severe class imbalance makes models systematically
overconfident on frequent classes and underconfident on rare ones.

To address these fundamental calibration issues, conformal prediction [15–17] has
been proposed as a theoretically grounded framework for uncertainty quantification with
formal coverage guarantees. Unlike traditional approaches that output point estimates,
conformal prediction constructs prediction sets that contain the true label with a specified
confidence level. Conformal risk control [18] extends this framework beyond coverage by
enabling guarantees on more general loss functions, thereby supporting complex outputs
such as semantic segmentation. By calibrating the predictor on a held-out dataset, these
approaches provide statistical guarantees independent of the underlying model architecture
or data distribution. These properties make conformal prediction a strong foundation for
developing reliable active learning strategies.

Despite these advances, only a handful of works [19–21] have applied conformal pre-
diction to active learning, all focused exclusively on classification tasks. These techniques
do not directly translate to the dense, pixel-level setting of semantic segmentation. A critical
gap therefore remains: no existing method applies conformal prediction to active learning
for semantic segmentation. The dense prediction nature of segmentation introduces unique
challenges that classification-focused methods cannot address, including managing com-
plex, interdependent pixel-level outputs and handling severe class imbalance. Our work
fills this gap by introducing the first conformal prediction-based active learning framework
specifically designed for semantic segmentation.

In this paper, we introduce Conformal Risk Controlled Active Learning (CRC-AL),
the first active learning framework for semantic segmentation that provides statistical
guarantees for uncertainty quantification through conformal prediction. Our key contri-
bution is that conformal risk control, when applied independently to each semantic class,
yields pixel-wise multi-class prediction sets that capture model uncertainty in a principled
manner. Unlike heuristic uncertainty measures, these prediction sets provide statistical
guarantees with calibrated, class-specific confidence. By calibrating classes independently
at the same risk level, CRC-AL achieves more balanced uncertainty quantification across
both frequent and rare classes, thus addressing intra-image class imbalance. Pixels with
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larger prediction sets correspond to regions of high uncertainty, where the model cannot
confidently distinguish among classes.

CRC-AL transforms these prediction sets into two complementary representations for
guiding sample selection. First, risk maps highlight uncertain image regions by identifying
pixels where multiple classes remain plausible. Second, co-occurrence embeddings capture
class confusion patterns, revealing which semantic categories the model struggles to distin-
guish. Together, these representations enable the identification of not only highly uncertain
samples but also samples exhibiting diverse forms of uncertainty. To select informative
yet diverse samples, we introduce the Top-Diverse-K algorithm, an extension of standard
Top-K selection to high-dimensional space. Inspired by center-of-mass formulations in
physics, it employs a barycenter-based distance metric that balances uncertainty weighting
with spatial distribution in embedding space.

We validate our approach on Cityscapes [5] and PascalVOC2012 [22,23], where it
consistently outperforms benchmark methods. CRC-AL achieves 95% of fully supervised
performance using only 30% of the training data on both datasets, substantially reducing
annotation requirements.

The main contributions of this work are as follows:

• We introduce the first active learning framework for semantic segmentation based
on conformal prediction, providing principled uncertainty quantification with
statistical guarantees.

• We propose a novel uncertainty representation that combines risk maps and class
co-occurrence embeddings to capture both spatial and semantic uncertainty patterns.

• We develop a physics-inspired selection algorithm that balances sample informative-
ness with diversity through a barycenter-based distance metric.

• We provide comprehensive experimental validation, demonstrating significant im-
provements over benchmark methods across two fundamentally different datasets,
and release our implementation to support future research.

The remainder of this paper is organized as follows. Section 2 reviews the related
works. Section 3 introduces our CRC-AL framework. Section 4 describes experiments and
benchmarking results, while Section 5 presents parameter sensitivity analysis. Section 6
provides an in-depth discussion of the findings, and Section 7 concludes the paper.

2. Related Works
2.1. Active Learning

Active learning methods are broadly categorized into uncertainty-based, diversity-
based, and hybrid approaches. Uncertainty-based methods typically select samples using
metrics such as entropy [24], margin [25], or least confidence [26]. While effective in
classical settings with single-sample queries, deep neural networks require batch-mode
selection, for which [10] proposed Top-K sampling. However, these strategies remain
vulnerable to softmax overconfidence. Alternatives such as Monte Carlo dropout [27] and
ensembles [28,29] attempt to mitigate this via predictive variance estimation, but these
methods require dozens of forward passes per image, which is computationally prohibitive
for high-resolution segmentation.

A second limitation of uncertainty-only methods is redundant sampling from similar
high-uncertainty regions [30]. Diversity-based approaches attempt to mitigate this issue by
ensuring that selected samples better represent the overall data distribution. CoreSet [31]
formulates the objective as a K-Center clustering problem in the latent embedding space,
while CDAL [32] introduces information-theoretic contextual diversity measures. However,
these strategies often prioritize easy or uninformative samples that contribute little to
model improvement.
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Hybrid strategies attempt to balance both criteria. Ref. [33] proposed stochastic batch
selection over groups of uncertain samples, with uncertainty computed using classical
metrics. BADGE [12] employs gradient embeddings based on pseudo-labels, encoding
uncertainty through gradient magnitudes while enforcing diversity via K-Means++ seeding.
Nevertheless, these methods still rely on heuristic uncertainty measures and fail to address
the underlying overconfidence problem.

In contrast, CRC-AL leverages conformal risk control to provide calibrated, class-wise
uncertainty quantification with formal guarantees. Once calibrated, selection requires only
a single forward pass per image, avoiding the high computational cost of ensemble- or
dropout-based methods. The proposed Top-Diverse-K strategy further balances calibrated
uncertainty with diversity, enabling more efficient and informative batch selection.

2.2. Active Learning for Semantic Segmentation

Active learning for semantic segmentation poses unique challenges due to its dense
prediction nature and high annotation cost. Image-level methods query entire images
for annotation [12,31–36], while region-level methods aim to improve efficiency by query-
ing only parts of an image. Region-level methods consist of two groups. Patch-based
approaches [11,37] divide images into fixed-size regions, whereas superpixel-based ap-
proaches [38,39] query irregular regions that better align with object boundaries. Al-
though region-level selection can, in principle, reduce annotation costs, it introduces
practical challenges such as interface complexity, boundary artifacts from partial labeling,
and the need for specialized training procedures to handle incomplete annotations.

Despite extensive study, no consensus exists on which granularity is more cost-
effective [40], partly due to differing annotation protocols and the lack of standardized
cost metrics across studies. In this work, we adopt the standard image-level strategy for
several reasons: (1) compatibility with conformal risk control, which requires complete
class channels for calibration, (2) alignment with standard annotation workflows where
full-image labels are the norm, and (3) avoiding the practical challenges of partial labeling
such as boundary artifacts and specialized training procedures.

2.3. Active Learning with Conformal Prediction

Early work in this area explored transductive conformal prediction for classification
tasks before the advent of deep learning [41–43]. Although effective for small-scale prob-
lems with simple classifiers, these methods required retraining for each unlabeled sample,
making them computationally infeasible for deep neural networks.

The introduction of inductive conformal prediction with calibration sets enabled
more practical implementations [15]. In this framework, the model is trained once on a
training set; then, non-conformity scores are computed using a separate calibration set
to construct prediction sets for unlabeled samples. ICP [20] applies this framework to
pool-based active learning by using two key conformal metrics: credibility and confidence.
ICP-CNN [19] extends this approach to convolutional networks, combining three selection
criteria: informativeness, diversity, and information density. This multi-criteria approach
balances uncertainty with representativeness. CPAL-LR [21] further refines sample rele-
vance assessment on conformal scores. However, these methods are largely confined to
classification tasks, leaving their adaptation to dense prediction problems such as semantic
segmentation underexplored.

The dense prediction nature of semantic segmentation introduces unique challenges
that traditional conformal prediction methods cannot address, particularly due to the
strong correlations among pixels within an image. In this setting, the relevant notion of
error is not simply miscoverage [17]. Conformal risk control addresses this by providing
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guarantees on expected loss rather than coverage, bounding errors at the image level (e.g.,
false negative rates) and producing outer confidence sets that exploit spatial structure. Yet
no prior work has applied this framework to active learning. This gap motivates CRC-AL,
which integrates conformal risk control into active learning for semantic segmentation.

3. Methodology
3.1. Problem Statement

Let D = {(xi, yi)}N
i=1 denote the complete dataset of N images, where xi ∈ R3×H×W

is an RGB image with height H and width W, and yi ∈ {0, 1}K×H×W is the corresponding
one-hot-encoded ground-truth segmentation mask with K classes. At any point in the
active learning process, we partition D into the labeled and unlabeled subsets DL and
DU , where DL contains image–label pairs {(x, y)} with revealed labels, and DU contains
images {x} whose labels remain hidden. The semantic segmentation task aims to learn
a function Ψ : R3×H×W → [0, 1]K×H×W that maps each input image to per-pixel softmax
probabilities. The model Ψ is trained by minimizing the pixel-wise cross-entropy loss over
the labeled data.

The goal of active learning is to iteratively select the most informative batches to
maximize model performance while minimizing annotation cost. At each iteration, a batch
B ⊂ DU is selected according to a querying strategy. This process is summarized in
Algorithm 1. Initially, a learner model Ψ0 is trained on the initial labeled dataset DL

0 .
At iteration t, the current model Ψt is used to select a batch Bt ⊂ DU

t for annotation.
After the oracle provides labels for images in Bt, transforming them into labeled pairs
B∗t = {(x, y) : x ∈ Bt}, the datasets are updated: DL

t+1 = DL
t ∪ B∗t and DU

t+1 = DU
t \ Bt.

The model Ψt+1 is then retrained on the expanded labeled dataset DL
t+1. This process

continues until the annotation budget is exhausted or performance converges. The central
challenge lies in developing a querying strategy that enhances model performance while
keeping annotation costs low.

Algorithm 1 Active learning algorithm for model improvement via strategic batch selection
and retraining

Input: Initial labeled set DL
0 , initial unlabeled set DU

0
Output: Trained segmentation model Ψ

1: Train initial model Ψ0 on DL
0

2: for t = 0, 1, 2, . . . do
3: Select batch Bt ⊂ DU

t according to a querying strategy ▷ (e.g., CRC-AL: Figure 1)
4: Obtain labels from oracle: B∗t = {(x, y) : x ∈ Bt}
5: DL

t+1 ← DL
t ∪ B∗t

6: DU
t+1 ← DU

t \ Bt

7: Retrain model Ψt+1 on DL
t+1

8: if annotation budget is exhausted or performance converges then
9: break

10: end if
11: end for
12: return final model Ψt+1

To address this, we introduce Conformal Risk Controlled Active Learning (CRC-
AL), a novel active learning framework that enhances the querying strategy through
principled uncertainty quantification, as illustrated in Figure 1. Our method consists of
three integrated stages. First, we apply conformal risk control to calibrate class-specific
thresholds that transform softmax outputs into binary prediction masks, allowing multiple
class predictions per pixel. Second, these masks generate both image-level uncertainty
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scores through risk maps and embeddings from co-occurrence patterns, capturing class
confusion structure. Finally, our Top-Diverse-K algorithm selects samples that balance
high uncertainty with spatial diversity in the embedding space, incorporating previously
labeled samples to ensure good coverage across iterations.

Figure 1. Overview of the proposed CRC-AL method. (a) Conformal risk control calibration with risk
level α determines class-specific thresholds, which transform softmax probabilities into multi-class
predictions (Section 3.2). (b) Uncertainty quantification through risk map generation and embedding
construction from prediction co-occurrence patterns, capturing both image-level uncertainty and
class confusion structure (Section 3.3). (c) Sample selection via the Top-Diverse-K algorithm, which
jointly optimizes for high uncertainty and spatial diversity in the embedding space (Section 3.4).

3.2. Class-Wise Calibration

We formulate the multi-class semantic segmentation problem as K independent binary
segmentation tasks, each distinguishing class k from all others. For each class k ∈ {1, . . . , K},
we define the binary segmentation output θk : R3×H×W → [0, 1]H×W by extracting the k-th
channel from the multi-class network, given by θk(x)h,w = Ψ(x)k,h,w, where Ψ(x)k,h,w

denotes the probability that pixel (h, w) belongs to class k. Thus, θk(x) ∈ [0, 1]H×W

represents the complete pixel-wise probability map for class k. The predicted binary
mask M(k)

λ (x) ∈ {0, 1}H×W is obtained by thresholding these probabilities with parameter
λ ∈ [0, 1]:

M(k)
λ (x)h,w =

1, if θk(x)h,w ≥ 1− λ,

0, otherwise.
(1)

Pixels with scores above 1 − λ are classified as belonging to class k. As λ increases,
the threshold 1− λ decreases, resulting in more pixels being classified as positive and
thus expanding the predicted mask M(k)

λ (x).
Let Dcal = {(x, y)} denote the calibration dataset, where x ∈ R3×H×W is an RGB

image and y ∈ {0, 1}K×H×W is its one-hot-encoded ground-truth mask with K classes.
For each class k, we define the binary ground-truth mask y(k) ∈ {0, 1}H×W by y(k)

h,w = yk,h,w.

Each element of y(k) equals 1 if pixel (h, w) belongs to class k and 0 otherwise. It is important
to note that Dcal is kept separate from the complete dataset D, and the choice of calibration
set is further examined in Section 5.3.
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In calibration, we determine a threshold λk for each class such that the expected loss
over the calibration set does not exceed a predefined risk level α ∈ (0, 1):

E(x,y)∼Dcal

[
L
(
y(k), M(k)

λk
(x)
)]
≤ α, (2)

where L : {0, 1}H×W × {0, 1}H×W → [0, 1] is a loss function that is non-increasing in λ. We
adopt the false negative rate (FNR) as the loss function:

LFNR
(
y(k), M(k)

λ (x)
)
= 1−

∑h,w M(k)
λ (x)h,w · y

(k)
h,w

∑h,w y(k)
h,w

, (3)

where the numerator counts the number of true positive pixels, and the denominator counts
the total number of positive pixels in the ground truth.

To satisfy the risk constraint with finite-sample correction, we compute the optimal
threshold λ̂k as

λ̂k = inf

{
λ ∈ [0, 1] : R̂k(λ) ≤ α− 1− α

|D(k)
cal |

}
, (4)

where D(k)
cal = {(x, y) ∈ Dcal : ∑h,w y(k)

h,w > 0} is the set of calibration images containing at
least one pixel of class k, and the empirical risk is

R̂k(λ) =
1

|D(k)
cal |

∑
(x,y)∈D(k)

cal

LFNR
(
y(k), M(k)

λ (x)
)
. (5)

The correction term (1− α)/|D(k)
cal | ensures, with high probability, that the empirical risk

on the calibration set does not exceed the target level α [17]. Figure 2 illustrates conformal
risk control in practice.

Figure 2. Conformal risk control demonstration with three classes: Sidewalk, Rider, and Bicycle.
The graph shows softmax scores along a horizontal cross-section of the image. Hatched regions
(above thresholds) indicate where the conformal predictor includes each class with risk level at most
α. Although pixels around index 10 are classified as Bicycle via argmax, their softmax scores also
exceed the Rider threshold, correctly including the true class in the prediction sets.
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Calibrating a single threshold across all classes yields suboptimal performance due to
class imbalance—frequent classes (e.g., Road) dominate calibration, while rare classes (e.g.,
Bus, Train) may be poorly calibrated. By calibrating each class independently at the same
risk level α, we ensure balanced performance across all classes regardless of frequency.

As illustrated in Figure 1a, we first determine the optimal thresholds λ̂k for all classes
k ∈ {1, . . . , K} using the class-wise calibration procedure described above, ensuring that
each class satisfies the target risk level α. Given these thresholds, we generate multi-class
predictions P(x) ∈ {0, 1}K×H×W for each image by stacking the binary prediction masks,
defined as P(x)k,h,w = M(k)

λ̂k
(x)h,w. At each pixel location (h, w), the prediction vector may

contain multiple positive entries, indicating that several classes may simultaneously exceed
their respective thresholds. Unlike standard argmax segmentation, these calibrated masks
may overlap, reflecting conformal prediction sets that allow multiple plausible classes
per pixel.

It is important to note that while each class-specific prediction mask M(k)
λ̂k

(x) satisfies

the conformal risk control guarantee independently, the stacked prediction masks P(x)
do not provide joint statistical guarantees across all classes simultaneously. For active
learning, however, we use these prediction sets primarily as indicators of uncertainty rather
than for their formal coverage properties. Calibrating each class independently with the
same risk level α helps ensure more balanced uncertainty quantification across frequent
and rare classes. Pixels with larger prediction set sizes (i.e., ∑K

k=1 P(x)k,h,w > 1) indicate
regions of high model uncertainty where the model cannot confidently distinguish among
classes (Figure 2). This observation forms the foundation of our image-level uncertainty
quantification strategy, as detailed in the following section.

3.3. Uncertainty Quantification

Not all classes contribute equally to image-level uncertainty within an image. For in-
stance, pixels predicted as Bicycle often co-occur with Rider predictions, while Road
predictions rarely co-occur with other classes. Here, co-occurrence refers to pixels (h, w)

satisfying ∑K
k=1 P(x)k,h,w > 1, where the conformal predictor includes multiple classes in

its prediction sets.
Figure 1b illustrates the process of computing uncertainty scores and embeddings.

We first construct the co-occurrence matrix C(x) ∈ NK×K
0 by counting pixel-wise class

co-occurrences:
C(x)k,k̂ = ∑

h,w
P(x)k,h,w · P(x)k̂,h,w, (6)

where k, k̂ ∈ {1, . . . , K}. The matrix C(x) is symmetric, and each entry C(x)k,k̂ counts the
number of pixels where classes k and k̂ are simultaneously predicted. In particular, the di-
agonal elements C(x)k,k count the number of pixels where class k is predicted, regardless of
whether other classes are also predicted at those pixels.

To account for class imbalance within images, we normalize the co-occurrence matrix
to obtain the co-occurrence density matrix D(x) ∈ [0, 1]K×K:
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D(x)k,k̂ =


C(x)k,k̂

∑K
ℓ=1 C(x)k,ℓ

, if ∑K
ℓ=1 C(x)k,ℓ > 0,

0, otherwise.
(7)

The k-th row of D(x) forms a categorical probability distribution over the class set
{1, . . . , K}, representing the relative likelihood that class k co-occurs with each other class.
Diagonal entries D(x)k,k represent the self-association strength of class k, equaling 1 when
class k never co-occurs with other classes and decreasing as co-occurrences increase.

When the conformal predictor assigns multiple classes to a pixel location, indicating
higher uncertainty, the resulting distributions become less peaked. We quantify this spread
using Shannon entropy to compute class-wise confusion weights wc(x)k ∈ [0, 1]:

wc(x)k =

− 1
log K ∑K

k̂=1 D(x)k,k̂ log D(x)k,k̂, if ∑K
ℓ=1 C(x)k,ℓ > 0,

0, otherwise.
(8)

with the convention 0 log 0 = 0. Higher values of wc(x)k indicate greater uncertainty for
class k. In particular, wc(x)k = 0 when class k either does not appear in the image or
appears without any co-occurrences, and increases as co-occurrences become more diverse.

The risk map R(x) ∈ [0, 1]H×W aggregates class-wise uncertainty at each pixel using
these weights:

R(x)h,w =
1
K

K

∑
k=1

P(x)k,h,w · wc(x)k. (9)

This produces a spatial uncertainty map highlighting regions where the model is most
uncertain, as shown in Figure 3. Pixels with multiple predicted classes and those containing
classes with high confusion weights contribute more to the risk map, effectively capturing
both prediction ambiguity and class-specific uncertainty.

The image-level uncertainty score u(x) ∈ [0, 1] is the spatial average of the risk map:

u(x) =
1

HW ∑
h,w

R(x)h,w. (10)

This aggregation provides a single interpretable score that summarizes the overall uncer-
tainty across the entire image, enabling direct comparison and ranking of unlabeled samples.

When the co-occurrence density matrix D(x) is diagonal (no co-occurrences), the un-
certainty score u(x) = 0, indicating high model confidence. Such images require no further
annotation and can be excluded from selection. However, two images may have similar
uncertainty scores while exhibiting different class confusion patterns. To capture these
differences, we construct image embeddings v(x) ∈ [0, 1]K

2
by flattening D(x):

v(x) =
[
D(x)1,1, . . . , D(x)1,K, D(x)2,1, . . . , D(x)K,K

]⊤. (11)

These embeddings represent images in a K2-dimensional space based on their class confu-
sion structure, enabling diversity-aware sample selection.
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Figure 3. Example risk maps and co-occurrence density matrices with α = 0.05. (Top) Cityscapes;
(Bottom) PascalVOC2012. Risk maps highlight uncertain regions (warmer colors indicate higher
uncertainty). Each matrix row shows the likelihood of a class co-occurring with others. Uncertainty
scores are computed as the spatial average of risk maps, and embeddings are obtained by flattening
the matrices.

3.4. Sample Selection

A common strategy in uncertainty-based active learning is Top-K selection, which
iteratively selects the most uncertain samples [10,36]:

x∗ = arg max
x∈DU\B

u(x), (12)
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where u(x) is defined in Equation (10), DU denotes the set of unlabeled images and B is
the batch of already selected images (initially B = ∅). After each selection, we update
B ← B ∪ {x∗} and repeat until |B| = q, where q ∈ {1, . . . , |DU |} is the desired batch
size. If multiple images attain the same maximum uncertainty score, the arg max operator
returns one of them arbitrarily.

While computationally efficient, this approach suffers from redundant sampling, par-
ticularly in datasets with limited diversity. Similar samples may all receive high uncertainty
scores, leading to inefficient use of the annotation budget [30]. Conversely, pure diversity-
based selection often queries easy, non-informative samples that contribute minimally
to model improvement. To address these limitations, we extend Top-K selection to op-
erate in the embedding space, balancing uncertainty and diversity through a principled
distance metric.

To realize this idea, we adopt a physics-inspired formulation: each embedding
vi = v(xi) represents a particle with mass ui = u(xi), where v(x) and u(x) are given
in Equations (11) and (10). Drawing from the two-body problem in classical mechanics [44],
the distance from particle i to the barycenter (center of mass) of the two-particle system (i, j)
is given by ∥vi − vj∥2 ·

uj
ui+uj

. This distance is asymmetric except when ui = uj. Specifically,
when particle i has higher uncertainty than particle j (i.e., ui > uj), the distance from i to
the barycenter is smaller than when ui < uj.

Inspired by this physical analogy, we define a distance metric that quantifies the
informativeness of sample j relative to sample i:

dij = ∥vi − vj∥τ
2 ·
(

uj

ui + uj + ϵ

)1−τ

, (13)

where τ ∈ [0, 1] is a trade-off parameter and ϵ > 0 is a small positive constant to prevent
division by zero. This formulation yields a weighted geometric mean between spatial
distance and relative uncertainty. When τ = 0, the metric reduces to pure uncertainty
weighting, disregarding spatial distance. Conversely, when τ = 1, only spatial distance
matters. The metric dij increases with both the spatial separation between samples and the
relative uncertainty of sample j. Figure 4 provides a practical example of this metric.

Figure 4. Illustration of the barycenter-based distance metric for sample selection. Sample A (blue)
is labeled, while B (red), C (green), and E (purple) are unlabeled candidates. Circle sizes indicate
uncertainty scores. Distances dab, dac, and dae represent the metrics from A to each candidate.
The metric balances uncertainty (circle size) and diversity (spatial distance) to select C as the most
informative sample when τ ≈ 0.5, avoiding the redundancy of nearby high-uncertainty sample B
and the distant low-uncertainty sample E.

Building on this distance metric, Algorithm 2 introduces the Top-Diverse-K selection
algorithm, which extends traditional Top-K selection by incorporating spatial diversity
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through the embedding space. The algorithm iteratively selects samples that maximize
a combined distance criterion balancing average distance and minimum distance to pre-
viously selected samples. Starting with the images from the labeled set DL marked as
traversed, the algorithm selects each subsequent sample according to

x∗ = arg max
xj∈DU\B

{
1
|T | ∑

xi∈T
dij + min

xi∈T
dij

}
, (14)

where dij is defined in Equation (13) and T denotes the set of traversed samples (initially
T = {x : (x, y) ∈ DL} and B = ∅). After each selection, we update B ← B ∪ {x∗} and
T ← T ∪ {x∗}. The process continues until |B| = q. The first term promotes samples that
are, on average, distant from the traversed set, encouraging diversity. The second term
ensures a minimum separation from all traversed samples, preventing clustering around
high-density regions. This dual criterion prevents scenarios where outliers dominate the
average distance while ensuring selected samples span the embedding space effectively.

Algorithm 2 Top-Diverse-K sample selection algorithm

Input: Labeled set DL, unlabeled set DU , batch size q
Output: Selected batch B

1: Initialize traversed set: T ← {x : (x, y) ∈ DL}
2: Initialize selected batch: B ← ∅
3: while |B| < q do
4: x∗ ← arg maxxj∈DU\B

{
1
|T | ∑xi∈T dij + minxi∈T dij

}
▷ (Equation 14)

5: T ← T ∪ {x∗}
6: B ← B ∪ {x∗}
7: end while
8: return selected batch B

In the first iteration, when T initially contains the images from DL, the algorithm
evaluates the combined distance metric for all samples in DU relative to the samples in
DL. It selects the sample x∗ ∈ DU that maximizes this metric, where larger values of dij

indicate greater informativeness. Once selected, x∗ is added to both the traversed set T
and the selected batch B. By updating T ← T ∪ {x∗}, we treat x∗ as effectively labeled for
subsequent selections. This ensures that future samples are chosen with respect to both
the original labeled set and previously selected samples, maintaining a well-distributed
selection across the embedding space. In the second iteration, the algorithm selects from
the remaining unlabeled samples DU \ B (where now B = {x∗}), evaluating distances to
all samples in the updated traversed set T . This iterative process continues, with each
selected sample influencing subsequent selections to achieve both high uncertainty and
spatial diversity.

The parameter τ ∈ [0, 1] controls the trade-off between uncertainty and diversity in
sample selection. When τ = 0, the algorithm reduces to standard Top-K selection based
solely on uncertainty, as the spatial term ∥vi − vj∥τ

2 = 1 becomes constant. Conversely, as τ

approaches 1, spatial diversity increasingly dominates the selection criterion.
Figure 5 illustrates this behavior empirically. For small τ values, selected samples clus-

ter in high-uncertainty regions of the embedding space. As τ increases, the selected batch
becomes more spatially distributed while still favoring uncertain samples, achieving an
effective balance between uncertainty scores and diversity. This adaptive behavior enables
tuning the selection strategy based on dataset characteristics and annotation requirements.
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Figure 5. Visualization of the parameter τ’s impact on sample selection. (Top row) t-SNE [45]
projections of the selected batch B in the embedding space for increasing values of τ (left to right).
Larger τ values yield more spatially distributed selections. (Bottom row) Uncertainty distributions
of selected samples. The x-axis represents uncertainty scores and the y-axis shows sample counts
per bin. As τ increases, the selection shifts from high-uncertainty clustering (τ = 0) to a broader
uncertainty range with greater spatial diversity (τ > 0).

4. Experiments
In this section, we present benchmarking experiments on two semantic segmenta-

tion datasets to demonstrate the effectiveness of our method compared to state-of-the-art
baseline methods.

4.1. Datasets

Cityscapes [5] consists of real-world street scene images annotated with 19 semantic
categories, including Road, Sidewalk, Building, Car, and Person. The training set contains
2975 images with fine-grained annotations, while the validation set includes 500 images.
Cityscapes provides structured urban scenes with systematic class transition patterns (e.g.,
Road–Car, Building–Sky) and a moderate degree of visual similarity between images.

PascalVOC2012 [22] includes images with diverse object sizes, occlusions, and vari-
ations in lighting and backgrounds. It comprises 20 foreground object categories plus 1
background class, totaling 1464 training images and 1449 validation images. We use the
extended version [23], which expands the training set to 10,582 images. PascalVOC2012
offers a wide range of object categories with varied contexts and exhibits severe class
imbalance due to the dominant background class, making it particularly challenging for
active learning methods.

Together, Cityscapes and PascalVOC2012 represent fundamentally different char-
acteristics essential for validating active learning methods in terms of uncertainty- and
diversity-aware sample selection. Used in combination, they provide a comprehensive
evaluation across diverse data distributions and class structures that are representative of
real-world semantic segmentation applications.

4.2. Implementation Details

We conduct experiments on a workstation equipped with an NVIDIA Tesla V100 GPU.
Our codebase is built on top of the open-source MMSegmentation framework [46]. We
evaluate two representative segmentation models: DeepLabV3 [47], a widely adopted
CNN-based benchmark, and SegFormer [48], a transformer-based architecture chosen to
ensure architectural diversity.
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For Cityscapes, we employ DeepLabV3 [47] with a ResNet-18 [49] encoder. Training
uses batch size 4 for 50 epochs with the Adam optimizer (learning rate: 5× 10−4, weight
decay: 2× 10−4). We apply polynomial learning rate decay (power = 0.9, minimum = 10−5)
with ϵ = 10−7 and β = (0.9, 0.999). These hyperparameters are selected through a simple
grid search, starting from MMSegmentation defaults and tuning on the fully labeled
training set. Images are resized to 688× 344.

For PascalVOC2012, we use SegFormer-B1 [48] with batch size 8, trained for 50 epochs
using AdamW (initial learning rate: 6 × 10−5, final: 2 × 10−7, polynomial decay with
power = 1.0, weight decay: 0.01, β = (0.9, 0.999)). These hyperparameters are adopted
from the original paper and its implementation in MMSegmentation. Images are resized to
480× 480.

4.3. Evaluation Metrics

Following standard practice [47,48], segmentation performance is evaluated using
the intersection-over-union (IoU) metric, defined as IoU = TP/(TP + FN + FP), where
TP, FN, and FP denote true positives, false negatives, and false positives, respectively.
In semantic segmentation, these quantities are defined at the pixel level and aggregated
across the entire dataset for each class: TP is the number of pixels correctly predicted as
belonging to the class, FN is the number of pixels belonging to the class in the ground truth
but predicted as another class, and FP is the number of pixels incorrectly predicted as that
class but belonging to another in the ground truth. The overall metric mean-IoU (mIoU)
is obtained by averaging the IoU values across all classes, giving each class equal weight
regardless of frequency.

We further assess performance using a pairwise penalty matrix (PPM) with two-sided
t-tests, following [12]. For each pair of methods (i, j) at each active learning iteration, we
obtain seven per-seed mIoU scores, denoted by {s1

i , . . . , s7
i } and {s1

j , . . . , s7
j }. The t-statistic

is computed as t =
√

7µ/σ, where µ = (1/7)∑r(sr
i − sr

j ) and σ =
√
(1/6)∑r(sr

i − sr
j − µ)2.

At the 95% confidence level (critical interval: [−2.447, 2.447]), two methods are considered
significantly different when the corresponding statistic falls outside this range. For each pair
(i, j), performance is compared after every iteration. If method i significantly outperforms
method j (t > 2.447), a penalty score of 1/tmax is added to the PPM cell (i, j), where tmax = 6
is the total number of iterations. Conversely, if method j significantly outperforms method i
(t < −2.447), the penalty score is added to cell (j, i). Larger values in cell (i, j) indicate that
method i dominates j more consistently. The column-wise average Φ summarizes overall
performance, with lower values indicating stronger methods, as they are dominated less
frequently across iterations.

4.4. Active Learning Setup

All methods begin with the same randomly selected initial labeled dataset DL
0 and

query an equal number of samples at each iteration t. We perform tmax = 6 iterations
following Algorithm 1, retraining the model Ψt from scratch using ImageNet [50] pre-
trained weights and applying only horizontal flipping as data augmentation. Identical
hyperparameters are used across all iterations and methods. Performance is evaluated in
terms of mIoU on the validation set of each dataset, reported as mean ± standard deviation
over seven runs with different random seeds. Table 1 summarizes the active learning setup
for each dataset. These iteration counts and sampling percentages are sufficient for the
models to approach 95% of the fully supervised mIoU on both datasets.

Unlike baseline methods, CRC-AL requires a calibration set Dcal for conformal risk
control. Due to limited labeled data, we use the current iteration’s training set DL

t for
calibration. Section 5.3 analyzes the impact of this choice.
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Table 1. Active learning setup for Cityscapes and PascalVOC2012 datasets.

Dataset Configuration Notes

Cityscapes
Initial labeled set: 300 images
Batch size: 150 per iteration
Total: 1200 images (40% of dataset)

Ignored regions (e.g., ego-vehicle hood)
are treated as known only in labeled
data to ensure fair comparison.

PascalVOC2012
Initial labeled set: 500 images
Batch size: 500 per iteration
Total: 3500 images (33% of dataset)

Background class is included in train-
ing, yielding 21 classes overall for a re-
alistic use-case scenario.

4.5. Baseline Methods

We compare our method against a comprehensive set of baseline methods including
uncertainty-based, diversity-based, and hybrid approaches. These methods were selected
for their state-of-the-art performance and their compatibility with standard training proce-
dures. All methods were implemented from scratch and adapted for semantic segmentation
where necessary.

• Random: Selects samples uniformly at random, serving as a passive baseline.
• Entropy [10]: Employs Top-K selection based on average pixel-wise entropy across

each image, quantifying prediction uncertainty through the Shannon entropy of the
softmax distribution.

• CoreSet [31]: Solves the K-Center problem using 512-dimensional embeddings ex-
tracted from the network’s bottleneck layer via average pooling. Implements greedy
selection where each sample maximizes the minimum Euclidean distance to previously
selected samples.

• CDAL [32]: Constructs contextual diversity vectors capturing the spatial distribution
of predicted classes within each image. Sample selection uses the CoreSet algorithm
with symmetric KL divergence as the distance metric.

• BADGE [12]: Applies K-Means++ seeding in the gradient embedding space. Gradients
are computed from the cross-entropy loss using pseudo-labels (argmax predictions)
and dimensionality is reduced via average pooling to handle the large gradient space
in segmentation tasks.

4.6. Benchmarking Results

We evaluate CRC-AL with parameters α = 0.05 (calibration risk level) and τ = 0.5
(uncertainty–diversity trade-off) against five baseline methods across six active learning
iterations. Figure 6 presents the results on both datasets.

Cityscapes results: As shown in Figure 6a and detailed in Table 2, CRC-AL demon-
strates superior performance throughout all iterations, achieving the steepest learning
curve among all methods. Starting from a shared baseline of 47.07± 0.57 mIoU with just
10% of the data (300 images), CRC-AL rapidly improves performance at each iteration.
By iteration t = 3, it surpasses 56% mIoU, maintaining a clear margin over all baselines.
The dashed line represents 95% of the mIoU achievable with the fully labeled training
set, which CRC-AL approaches more rapidly than any competing method. Remarkably,
CRC-AL achieves this 95% threshold using only 30% of the training data (900 images),
while other methods require more extensive annotation to approach similar performance.
The hierarchy is clearly established: CRC-AL consistently leads, followed by a competi-
tive cluster of CoreSet and BADGE, entropy slightly behind, CDAL showing moderate
effectiveness, and random sampling performing worst. These results confirm that con-
formal prediction-based uncertainty quantification identifies more informative samples
than traditional softmax-based (entropy) or gradient-based (BADGE) methods, while the
diversity-aware selection avoids redundancy and sustains performance improvements.
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Table 2. Cityscapes mIoU scores across iterations (initial mIoU: 47.07± 0.57). Bold values indicate
the highest score at iteration t. Results show mean ± standard deviation over 7 runs.

Method t = 1 t = 2 t = 3 t = 4 t = 5 t = 6

Random 49.35 ± 0.87 51.44 ± 0.71 52.85 ± 0.57 53.69 ± 0.50 54.57 ± 0.69 55.59 ± 0.38
Entropy 52.58 ± 0.54 54.17 ± 0.47 54.87 ± 0.41 56.07 ± 0.56 56.39 ± 0.62 56.93 ± 0.64
CoreSet 52.04 ± 0.63 54.50 ± 0.59 55.69 ± 0.55 56.65 ± 0.55 57.00 ± 0.41 57.70 ± 0.16
CDAL 49.79 ± 0.71 51.99 ± 0.38 53.67 ± 0.49 54.56 ± 0.30 55.60 ± 0.37 56.41 ± 0.62
BADGE 51.66 ± 0.86 53.55 ± 0.88 54.85 ± 0.37 55.86 ± 0.46 56.64 ± 0.32 57.61 ± 0.32
CRC-AL ∗ 52.76 ± 0.46 54.97 ± 0.41 56.18 ± 0.38 57.02 ± 0.32 57.48 ± 0.54 57.98 ± 0.49
∗ The proposed method.

Figure 6. ∗ denotes the proposed method. Comparison of baseline methods with CRC-AL (α = 0.05,
τ = 0.5). (a) Cityscapes and (b) PascalVOC2012 mIoU performance across active learning iterations.
Initial scores (t = 0) are shown above each plot. The dashed line indicates 95% of fully supervised
performance; shaded regions show standard deviation over 7 runs.

PascalVOC2012 results: Figure 6b and Table 3 reveal more complex dynamics on this
diverse object-centric dataset, where the background class exhibits highly varied textures.
Starting from 64.98± 1.01 mIoU with only 500 labeled images, all methods show rapid
initial improvement. CRC-AL consistently maintains an advantage, though with a smaller
margin than on Cityscapes, reaching 74% mIoU at 28% data utilization (3000 images),
where it achieves the 95% fully supervised threshold. Unlike Cityscapes, the performance
hierarchy is less pronounced, with random sampling emerging as a surprisingly strong
baseline. Except for CRC-AL, all methods fall below random at certain iterations based
on average mIoU, although their results largely overlap once standard deviations are
taken into account. Among the baselines, BADGE (gradient-embedding diversity), CDAL
(contextual diversity), and entropy (softmax uncertainty) perform comparably to random,
while CoreSet (pure representativeness) performs consistently worse, especially in later
iterations. By the final iteration t = 6, all methods except CoreSet reaches or surpass the
95% fully supervised threshold, while CRC-AL reaches the threshold at t = 5. These results
underscore CRC-AL’s robustness, demonstrating that it is the only method to sustain a
consistent advantage across both iterations and dataset complexities.
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Table 3. PascalVOC2012 mIoU scores across iterations (initial mIoU: 64.98± 1.01). Bold values
indicate the highest score at iteration t, while underlined values denote results below random
sampling. Results show mean ± standard deviation over 7 runs.

Method t = 1 t = 2 t = 3 t = 4 t = 5 t = 6

Random 68.70 ± 0.78 70.41 ± 0.38 72.00 ± 0.31 72.63 ± 0.44 73.59 ± 0.36 74.09 ± 0.44
Entropy 69.27 ± 0.61 70.72 ± 0.57 71.59 ± 0.81 72.51 ± 0.36 73.16 ± 0.36 73.99 ± 0.42
CoreSet 68.52 ± 0.63 70.45 ± 0.56 71.80 ± 0.53 72.35 ± 0.30 72.78 ± 0.35 73.71 ± 0.35
CDAL 68.85 ± 0.50 70.75 ± 0.65 71.92 ± 0.62 73.10 ± 0.20 73.66 ± 0.32 74.09 ± 0.37
BADGE 69.09 ± 0.47 70.68 ± 0.35 71.69 ± 0.28 72.80 ± 0.65 73.41 ± 0.65 74.17 ± 0.42
CRC-AL ∗ 69.34 ± 0.54 71.16 ± 0.40 72.13 ± 0.64 73.17 ± 0.41 74.00 ± 0.44 74.30 ± 0.43
∗ The proposed method.

Statistical significance: Figure 7 presents the aggregated pairwise penalty matrix
(PPM) across two fundamentally different datasets, obtained by element-wise averaging.
The diagonal entries are zero by definition, as methods cannot dominate themselves. The
CRC-AL row shows that our approach significantly outperforms all competing methods,
yielding near-maximum penalties across iterations. The bottom row further confirms
CRC-AL’s dominance with Φ = 0, indicating that no method significantly outperforms
it at any iteration under the 95% confidence level. BADGE (Φ = 0.07) and entropy
(Φ = 0.1), both uncertainty-driven methods, form a second tier with competitive perfor-
mance. The matrix shows that BADGE and entropy do not significantly outperform one
another, although BADGE is less frequently dominated by other methods. This suggests
that gradient embeddings offer marginal yet consistent gains over softmax entropy. CoreSet
(Φ = 0.17) and CDAL (Φ = 0.28), focused solely on diversity, form a weaker third tier,
outperforming only random sampling, which performs worst overall. CoreSet occasionally
outperforms CDAL, while CDAL rarely dominates CoreSet, implying that visual repre-
sentativeness can be more effective than contextual diversity in certain settings. Taken
together, these results establish a stratified performance hierarchy—uncertainty-based
methods outperform diversity-only strategies, while CRC-AL uniquely integrates both to
deliver consistent superiority across datasets with markedly different characteristics.

Figure 7. ∗ denotes the proposed method. Comparison of baseline methods with CRC-AL (α = 0.05,
τ = 0.5), shown as the pairwise penalty matrix (PPM) aggregated across Cityscapes and Pas-
calVOC2012. Lower Φ scores indicate better performance. CRC-AL achieves Φ = 0, demonstrating
consistent superiority at the 95% confidence level.

5. Sensitivity Analysis
5.1. Uncertainty–Diversity Balance

The trade-off parameter τ ∈ [0, 1] in the Top-Diverse-K algorithm governs the balance
between uncertainty-driven and diversity-aware selection. Figure 8a illustrates its effect
on Cityscapes with α fixed at 0.05. Pure uncertainty sampling (τ = 0) performs poorly,
indicating that uncertainty alone is insufficient and that diversity, captured through class
confusion patterns, is essential for effective active learning. This poor performance arises



AI 2025, 6, 270 18 of 25

from the dataset’s structured urban scenes where semantically related classes systematically
co-occur, leading to redundant sampling of visually similar high-uncertainty regions with-
out diversity awareness. While all τ values behave similarly in early iterations when the
labeled set is small, their performance diverges as training progresses. Settings with τ < 0.5
degrade more noticeably, with τ = 0.25 performing better than τ = 0 but still suboptimal.
This suggests that limited diversity incorporation helps, but stronger integration is required
to maintain robust performance.

Figure 8. Sensitivity analysis of CRC-AL parameters. (a) Effect of uncertainty–diversity trade-off τ

on Cityscapes with α = 0.05. (b) Effect of τ on PascalVOC2012 with α = 0.05. (c) Effect of calibration
risk level α on Cityscapes with τ = 0.5. The dashed line indicates 95% of fully supervised mIoU.
Shaded regions show standard deviation over 7 runs. Random sampling and entropy are shown
as baselines. The analysis identifies α = 0.05 and τ = 0.5 as the most effective settings for practical
active learning.

Figure 8b reveals contrasting behavior on PascalVOC2012. Here, all τ values consis-
tently outperform random sampling, with even pure uncertainty sampling (τ = 0) showing
reasonable performance. This contrasting behavior reflects PascalVOC2012’s inherent
diversity, naturally distributing high-uncertainty samples across different regions of the
embedding space. To understand this difference, we include entropy—which also uses
pure uncertainty with Top-K selection—as a direct comparison. While entropy achieves
results comparable to random sampling (consistent with our main results in Table 3), our
method with τ = 0 outperforms both. This crucial observation demonstrates that conformal
prediction provides superior uncertainty quantification compared to traditional entropy
measures, offering better-calibrated confidence estimates even without diversity.

5.2. Risk Level Sensitivity

The risk level α ∈ (0, 1) controls the statistical guarantee in conformal risk control,
representing the acceptable upper bound on the false negative rate. The choice of α

involves a critical trade-off. With high α values, the conformal predictor tolerates more
risk, producing empty or smaller prediction sets. This leads to sparse risk maps where only
the most ambiguous regions appear uncertain, and embeddings become nearly diagonal,
indicating minimal class confusion. Such oversimplification treats most images as equally
certain, reducing the discriminative power needed for effective active learning. Conversely,
low α values produce conservative predictions with larger prediction sets. This generates
dense risk maps where extensive regions appear uncertain, potentially masking truly
informative regions. The resulting embeddings capture spurious co-occurrences that may
reflect statistical noise rather than meaningful class confusion patterns. Figure 9 shows
example risk maps and co-occurrence density matrices for different α values.
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Figure 8c empirically validates these theoretical considerations on Cityscapes.
With τ = 0.5, we compare three α values: 0.05, 0.1, and 0.2. The results reveal that
α = 0.05 and α = 0.1 achieve similar performance throughout the active learning process,
both substantially outperforming α = 0.2. The degraded performance at α = 0.2 confirms
that overly permissive risk levels fail to capture sufficient uncertainty for sample discrimi-
nation. Importantly, α = 0.05 demonstrates superior performance in early iterations. This
suggests that tighter statistical guarantees, while potentially introducing some noise, better
identify the subtle uncertainties that distinguish truly informative samples when labeled
data is scarce. The consistent advantage of lower α values indicates that conservative
calibration improves sample informativeness, with α = 0.05 emerging as the most effective
setting for practical active learning.

Figure 9. Risk maps and co-occurrence matrices for α ∈ {0.05, 0.1, 0.2}. Low α yields dense pat-
terns, while high α produces sparse, near-diagonal matrices, reducing discriminative power for
active learning.

5.3. Impact of Calibration Set

Active learning assumes that labeled data is limited. Our method, based on conformal
risk control, requires an additional labeled set for calibration. This introduces a challenge:
deciding whether to allocate labeled data for calibration or use it to improve model perfor-
mance. To address this, we conduct experiments to analyze the impact of the calibration
set on overall active learning performance.

We use the Cityscapes dataset with a randomly selected initial labeled dataset DL
0

containing 600 images and perform a single active learning iteration. The initial model Ψ0

is trained on DL
0 . For the calibration set Dcal, we compare two configurations: (1) using the

current labeled dataDcal = DL
0 , or (2) using a randomly sampled subset from the unlabeled

pool Dcal ⊂ DU
0 with |Dcal| = 600. Although labels in DU

0 are typically hidden from the
learner, we reveal them solely for calibration purposes to evaluate the conformal predictor.

After calibration, we select a batch B ⊂ DU
0 containing 150 images for annotation.

The model Ψ1 is then retrained on the combined dataset DL
1 = DL

0 ∪ B∗, where B∗ denotes
the annotated batch. We evaluate the expected risk on both the Cityscapes validation split
(500 images) and the remaining unlabeled data DU

0 \ Dcal. Since these sets are not used
during calibration, they remain unseen by the conformal predictor. Each experiment is
repeated using five different random seeds.

Table 4 presents the mIoU scores and calibration performance, measured as the ex-
pected false negative rate (FNR) averaged across all classes. The differences in mIoU
scores across configurations are minimal, although calibrating on unlabeled data performs
slightly better when α = 0.05. This indicates that our method is not highly sensitive to the
calibration set choice in terms of active learning performance.
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Table 4. Impact of calibration set choice on active learning performance. Calibration is performed on
unseen unlabeled set (Dcal ⊂ DU) or labeled set (Dcal = DL) with α ∈ {0.05, 0.1}. Reported values
are mIoU after one iteration and empirical risk (FNR) on both validation and unlabeled test sets.

Risk Level (α) Calibration Set mIoU * (Ψ1) Risk on Val. Set Risk on DU \Dcal

0.05 Dcal ⊂ DU 55.242 ± 0.429 0.056 ± 0.014 0.055 ± 0.011
0.05 Dcal = DL 55.030 ± 0.342 0.182 ± 0.091 0.182 ± 0.092

0.1 Dcal ⊂ DU 55.424 ± 0.409 0.105 ± 0.021 0.104 ± 0.011
0.1 Dcal = DL 54.682 ± 0.396 0.280 ± 0.121 0.279 ± 0.126

* Random sampling baseline for comparison: 52.838 ± 0.579.

For calibration quality, using Dcal ⊂ DU achieves risk levels close to the target risk
level α with minimal variation across both unseen evaluation sets. In contrast, calibrating
on Dcal = DL yields higher expected FNRs than α; however, these remain consistent across
different evaluation sets.

This consistency is the critical observation: when using Dcal = DL, although the
absolute risk deviates from α (0.182 vs. 0.05, and 0.280 vs. 0.10), the calibration produces
stable predictions across both unseen evaluation sets, with nearly identical FNR values. This
stability indicates that the calibration mechanism successfully learns relative uncertainty
patterns even when the absolute thresholds are biased. The conformal predictor effectively
identifies which pixels and classes are more uncertain than others, maintaining consistent
uncertainty rankings across different data distributions.

For active learning, this relative ordering matters more than absolute calibration accu-
racy. The method correctly identifies uncertain regions and ambiguous class boundaries,
enabling effective sample selection despite the shifted thresholds. The mIoU results con-
firm this, as both calibration strategies achieve similar performance (55.030 vs. 55.242
for α = 0.05), showing that uncertainty quantification provides reliable guidance for
active learning.

6. Discussion
Our experiments establish a clear performance hierarchy across benchmark datasets:

CRC-AL consistently surpasses existing active learning baselines, maintaining the steepest
learning curve throughout the annotation budget. The persistent gap between CRC-AL and
competing methods underscores the effectiveness of conformal risk control in producing
statistically grounded uncertainty quantification. Unlike conventional softmax-based uncer-
tainty (entropy) or gradient-based heuristics (BADGE), CRC-AL identifies fundamentally
more informative samples by capturing both relative uncertainty and semantic confusion
at the class level. The resulting prediction sets, risk maps, and co-occurrence embeddings
provide richer guidance for sample selection, while Top-Diverse-K enables a principled
balance between uncertainty and diversity.

Dataset-specific analyses reveal that the advantages of CRC-AL hold under varied
conditions but also highlight unique vulnerabilities of competing methods. On Cityscapes,
where structured urban scenes generate strong co-occurrence among semantically re-
lated classes (e.g., Road–Car, Building–Sky), purely context- or representativeness-driven
strategies (CDAL, CoreSet) fail to match the effectiveness of CRC-AL. CDAL’s reliance
on contextual diversity is ill-suited to environments where many classes systematically
co-occur, while CoreSet’s visual representativeness overlooks the semantic structure of
uncertainty. In contrast, CRC-AL effectively exploits co-occurrence embeddings to prevent
redundant queries and sustain annotation efficiency. On PascalVOC2012, with its object-
centric and visually heterogeneous images, CoreSet even underperforms random sampling,
as the background class dominates pixel statistics and misleads visual diversity metrics.
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CDAL partially mitigates this effect through its contextual measures. In contrast, entropy
and BADGE remain vulnerable to severe class imbalance, causing their performance to
converge with random sampling, which unexpectedly emerges as a strong baseline. Al-
though CRC-AL is not immune to such imbalance—uncertainty estimates and embeddings
degrade in the presence of overwhelming background pixels—it consistently maintains
advantages over baselines, demonstrating robustness under adverse dataset conditions.
Notably, no single baseline performs well across both datasets. In contrast, CRC-AL con-
sistently achieves strong results on both Cityscapes and PascalVOC2012, underscoring its
superior generalization across datasets with markedly different characteristics.

Overall, entropy and BADGE, both uncertainty-driven methods, show stronger per-
formance than diversity-only strategies but remain limited by their reliance on heuristic
uncertainty measures. Entropy suffers from softmax overconfidence, leading to unreli-
able estimates in class-imbalanced regions, while BADGE’s gradient-based embeddings
improve diversity but can be unstable and sensitive to pseudo-label noise. Consequently,
both methods achieve moderate gains but fail to consistently close the gap with CRC-AL.
By calibrating each class independently at the same risk level α, CRC-AL addresses these
fundamental limitations through balanced uncertainty quantification across both frequent
and rare classes. Compared to BADGE’s gradient embeddings, our co-occurrence em-
beddings introduce a different perspective by capturing statistically grounded semantic
confusion patterns. These patterns encode both prediction ambiguity and class-specific
uncertainty, enabling the selection of more informative samples in regions where the model
struggles to distinguish between classes. CoreSet and CDAL lack any notion of uncertainty
and select samples solely based on diversity. This limitation explains their weaker perfor-
mance compared to uncertainty-driven methods, particularly on datasets with sufficient
inherent diversity. Our Top-Diverse-K algorithm integrates co-occurrence embeddings
with uncertainty weighting through a principled barycenter-based distance metric. In this
way, it selects highly informative samples while maintaining a well-distributed batch,
achieving an effective balance via the trade-off parameter τ. The clear stratification of Φ
values in the pairwise penalty matrix (Figure 7) underscores the importance of principled
uncertainty quantification, with diversity serving as a secondary, complementary factor.
By combining conformal prediction-based risk maps with co-occurrence embeddings,
CRC-AL overcomes the limitations of existing methods, providing statistically guaranteed
uncertainty quantification and sample selection that adapts effectively to dataset-specific
class structures.

The parameter sensitivity analysis provides practical insights for deployment.
The trade-off parameter τ effectively controls the uncertainty–diversity balance, with pure
uncertainty sampling (τ = 0) leading to redundant selections and pure diversity losing
informativeness. The robust performance at τ = 0.5 across both datasets suggests this
balanced setting as a reliable default, while practitioners can adjust the parameter based on
dataset characteristics—higher values for visually similar datasets (e.g., video sequences)
and lower values for inherently diverse collections. Similarly, the calibration risk level
α = 0.05 consistently outperforms looser settings, particularly in early iterations where
sample selection has the greatest impact on learning trajectories. These findings indicate
that tighter statistical control enhances active learning by better identifying the subtle
uncertainties that distinguish truly informative samples. Taken together, the analysis high-
lights α = 0.05 and τ = 0.5 as robust defaults that can be applied across diverse semantic
segmentation scenarios, reducing the need for extensive hyperparameter tuning.

An important practical consideration is the allocation of labeled data for calibration.
Since conformal risk control requires a calibration set, practitioners must decide whether
reserving part of the annotation budget for calibration is preferable to using it directly
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for training. Our calibration analysis indicates that even under this trade-off, CRC-AL
remains highly competitive. Although absolute thresholds deviate from nominal values
when calibration is performed on the labeled training set, the predictor preserves relative
uncertainty rankings across unseen evaluation datasets. This stability ensures that informa-
tive samples are consistently prioritized, even when absolute risks diverge from theoretical
expectations. For active learning, relative calibration quality is therefore more critical than
strict adherence to error rates, aligning with the practical goal of guiding sample selection
rather than providing formal risk certificates. The minimal performance difference between
ideal and practical calibration further validates the practicality of CRC-AL in scenarios
where separate calibration data may not be available.

Several limitations warrant discussion. First, extreme class imbalance still degrades
performance—though CRC-AL handles it better than baselines, the background-dominated
PascalVOC2012 results suggest room for improvement through adaptive reweighting or
hierarchical calibration. Second, co-occurrence embeddings scale quadratically with the
number of classes (K2), becoming computationally prohibitive for large K and vulnerable to
the curse of dimensionality. For datasets with hundreds of classes, dimensionality reduction
techniques or hierarchical class groupings may be necessary to maintain computational
feasibility. In practice, dimensionality reduction techniques such as PCA can compress
the K2 embedding space to a manageable size while preserving the essential uncertainty
structure, leveraging the observation that most class pairs seldom co-occur.

The proposed framework addresses a fundamental weakness of existing active learn-
ing approaches by embedding uncertainty quantification within a statistically grounded
foundation. The empirical gains observed on two challenging benchmarks demonstrate
both the methodological value and practical potential of CRC-AL, laying the groundwork
for more reliable and annotation-efficient semantic segmentation systems.

7. Conclusions
In this paper, we introduced Conformal Risk Controlled Active Learning (CRC-AL),

the first active learning framework for semantic segmentation based on conformal predic-
tion theory. Our approach addresses a fundamental limitation in existing active learning
methods: the reliance on poorly calibrated softmax probabilities that fail to reliably identify
informative samples. By applying conformal risk control independently to each semantic
class, we transform softmax outputs into statistically guaranteed prediction sets that reliably
quantify model uncertainty. Our risk maps and co-occurrence embeddings capture both
spatial and semantic uncertainty patterns, while the Top-Diverse-K algorithm effectively
balances informativeness with diversity in sample selection.

Extensive experiments validate the effectiveness of our approach. CRC-AL consistently
outperforms five state-of-the-art baselines across two fundamentally different datasets,
achieving 95% of fully-supervised performance using only 30% of training data on both
datasets. The superior performance over the benchmarking methods confirms that con-
formal prediction-based uncertainty quantification provides reliable guidance for active
learning. The method’s robustness across structured street scenes and diverse object images
demonstrates that statistical guarantees generalize better than heuristic confidence measures.

Future work will pursue theoretical studies on tighter bounds between conformal
risk parameters and active learning performance, adaptive selection strategies, and exten-
sions to other dense prediction tasks. Understanding the theoretical properties of class
co-occurrence patterns under different data distributions could lead to more sophisticated
embedding strategies. In addition, extensions toward joint calibration strategies could
be explored to provide stronger formal guarantees across classes. We also plan to in-
vestigate adaptive schemes for the trade-off parameter τ that automatically adjust based
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on dataset characteristics and learning progress. The success of CRC-AL demonstrates
that principled statistical methods can yield significant practical benefits, opening new
avenues for uncertainty quantification in computer vision where annotation costs remain a
critical bottleneck.
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