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Abstract. Label noise is prevalent in real-world visual learning applications and correcting all label mistakes can be prohibitively costly. Training neural network classifiers on such noisy datasets may lead to significant performance degeneration. Active label correction (ALC) attempts
to minimize the re-labeling costs by identifying examples for which providing correct labels will yield maximal performance improvements. Existing ALC approaches typically select the examples that the classifier
is least confident about (e.g. with the largest entropies). However, such
confidence estimates can be unreliable as the classifier itself is initially
trained on noisy data. Also, naı̈vely selecting a batch of low confidence
examples can result in redundant labeling of spatially adjacent examples. We present a new ALC algorithm that addresses these challenges.
Our algorithm robustly estimates label confidence values by regulating
the contributions of individual examples in the parameter update of the
network. Further, our algorithm avoids redundant labeling by promoting
diversity in batch selection through propagating the confidence of each
newly labeled example to the entire dataset. Experiments involving four
benchmark datasets and two types of label noise demonstrate that our
algorithm offers a significant improvement in re-labeling efficiency over
state-of-the-art ALC approaches.
Keywords: Active label correction, uncertainty sampling, diffusion.
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Introduction

Deep neural networks can provide state-of-the-art performance on a variety of
inference problems. This success often relies on the availability of large amounts
of annotated data, but building large-scale annotations is a costly and erroneous
process. For example, reliable annotations for medical imaging or astronomical
imaging require expensive domain experts, and hence less costly (but less reliable) crowdsourcing might be employed [44,36,22]. Noisy labels can also be found
in automatically annotated data [26], data collected by noisy sensors [18], and
label corruptions caused by adversarial attacks [42,1].
As such, noisy annotations are invariably used in training. Naı̈vely training
deep neural networks on noisy data can severely limit their generalization capability as they tend to memorize data [41]. One approach to reduce labeling costs
(or label correction or proofreading costs) is active label correction (ALC). ALC
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approaches attempt to identify examples for which correct labeling will provide
the most significant performance improvement.
A common approach to ALC is to incrementally determine important examples. Initially, a deep network h is trained on the noisy training set D where only
a small portion is provided with clean labels. By analyzing the predictions h|D of
h on D, an ALC algorithm suggests examples to query. Once an oracle provided
correct labels to these examples, h is retrained yielding improved predictions
h|D . This process is repeated until the labeling budget is exhausted.
Inspired by the success of active learning (AL), most existing ALC algorithms
select examples with the largest entropy (or loss) values of the class-conditional
probability distributions of h|D [19,25,2]. Using entropy is an intuitive and reliable approach to AL as the highest entropy examples are the most ambiguous
to classify by h, and hence labeling them could significantly reduce the uncertainties that h has on D. However, its application to ALC is limited in that the
estimated entropy values can be unreliable as h itself is trained on the initially
noisy dataset: It is possible that a small portion of clean examples exhibit relatively high entropy values, even though re-labeling them would not help improve
network performance. Also, selecting a large batch of high entropy points is redundant: If an example x∗ has a high entropy value then its spatial neighbors
tend to show similar high entropies (Fig. 1), but labeling them along with x∗
would be unnecessary as re-training h on x∗ can resolve the uncertainties of its
neighbors. On the other hand, employing small batches of high entropy points
would require frequent retraining of h, leading to increased computational costs.
Our algorithm addresses these difficulties by robustly estimating the entropy
values of h|D . During the update of h-parameters, the loss gradients of individual examples are weighted by the respective contribution parameters. These
parameters are continuously adjusted based on the progressions of loss estimates,
gradually suppressing the influence of outlier examples. Further, we explicitly diversify batch selection by iteratively regulating the entropy estimates of h: Once
a point x∗ is labeled, its updated entropy value (of zero) is propagated along D
such that the entropies of neighboring points are suppressed. Instantiating these
contributions into a learning framework lets our algorithm robustly train deep
networks with efficient acquisition of labels.
We conducted experiments on four benchmark datasets with two different
types of label noise. The results demonstrate that our robust parameter update
strategy and entropy propagation approach contribute individually and collectively to improving ACL performance, outperforming existing approaches by a
large margin.

2

Related work

Active label correction. Typically, active label correction algorithms select
examples to query by assessing the confidences of predictions made by the classifier on given training sets. For example Nallapati et al.’s CorrActive learning
prioritizes misclassified examples (those exhibiting high training losses) [21] while
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Rebbapragada et al.’s Active Label Correction algorithm queries examples with
the highest entropy values [25]. For support vector machine classifiers, predictive
confidences can be evaluated based on their margins, leading to margin-based
sample strategies [31]. Similarly, Henter et al. proposed to label examples showing
the smallest difference between the class probabilities of the best and second-best
hypotheses [13] and Bernhardt et al.’s Active Label Cleaning algorithm selects
examples with the highest predictive losses and predictive entropy [2]. These
algorithms demonstrated significant performance gains over random selection,
but they do not explicitly model the underlying noise generation processes.
Kremer et al.’s robust ACL algorithm employs explicit noise modeling to
measure the expected change of the classifier when examples are newly labeled:
Such changes are measured based on the difference between the total losses obtained with and without labeling candidate examples. For logistic regression,
with the aid of its noise model, this quantity can be evaluated without having
to actually label the candidates. However, its extension to deep neural networks
is not straightforward. Similarly to [25,2], Li et al.’s Dual Active Label Correction algorithm queries high-entropy examples [19]. Further, this algorithm
achieved noise robustness by incorporating a noise model into classifier training:
It estimates the probabilities of class transitions caused by noise and uses them
to rectify the classifier outputs in the loss evaluation achieving significant improvements over existing ALC algorithms. In the experiments, we show that our
method outperforms these existing methods [25,2,19,21].
Inspired by the intuition that examples that lie in label-homogeneous regions
are likely to be clean, Urner et al. presented a theoretical sample complexity analysis [34]. Instantiating this theoretical analysis into practical algorithms remains
an open problem.
Related problems. Active learning (AL) with noisy annotators is a closely
related problem. Zhang and Chaudhuri presented a theoretical AL framework
where weak and strong oracles respectively provide clean and noisy labels [40].
This problem differs from ALC in that the identities of clean labels (provided
by strong oracles) are known a priori [40]. Similarly, Yan et al. presented an
AL scenario where oracles occasionally provide noisy labels [38]. Younesian et
al. considered a learning problem where multiple annotators have varying levels
of experience, presenting labels of diverse quality [39]. Their algorithm actively
selects not only the examples to query but also the oracles who will annotate
the queried examples. Under the presence of multiple noisy annotators (e.g.
from crowdsourcing) Parde and Nielsen proposed to assign varying weights to the
labels of each example via estimating the reliability of individual annotators [22].
Sheng et al.’s algorithm queries an example for additional labels when existing
labels are discrepant [30].
Explicit detection of noisy examples is another closely related domain. Shen
and Sanghavi used the loss values to determine noisy examples. Their algorithm
alternates between filtering out examples with the highest losses and retraining
the classifier on the remaining training set [29]. Zhu et al. proposed to construct
soft labels based on local feature aggregations and used them to define a score
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function [43]. This enables to detect noisy examples without having to train
a task-specific model. Huang et al. proposed to avoid memorization of noisy
data by cyclically transferring the status of the learner from overfitting to underfitting via controlling its learning rate [14]. This strategy achieved improved
performance over traditional noise-robust learning approaches. However, it relies on known numbers of noisy examples. We show that our algorithm offers
improved labeling efficiency even without requiring the number of noisy examples (Sec. 3.1). Park et al.’s algorithm assesses how labeling individual examples
influences the change of the classifier parameters and their evaluations on validation data [23]. Its application to ALC is not straightforward as clean validation
sets are seldom available in ALC problems.

3

Robust active label acquisition

Problem setting and algorithm overview. We consider classification problems where one learns a neural network as a function h from the input space X
to the output class-encoding space Y. We employ one-hot class encoding such
that Y forms a probability simplex of dimension M where M is the number
of classes, and h generates class-conditional probabilities as outputs. When h
does not generate probabilistic outputs, one could apply softmax activations to
construct pseudo probabilities.
b = {(xj , yj )}N sampled from an underlying
For a given clean training set D
j=1
distribution p of X × Y, h can be constructed by minimizing the sum of losses:

  L(h) = \sum _{j=1}^N l(h(x_j),y_j) \label {e:totalloss}

(1)

for a loss function l : Y × Y → R+ . We use the cross-entropy loss l(z, y) =
PM
− k=1 z k log(y k ) where z k is the k-th component of z, while our method is
applicable to other losses as well. In active label correction (ALC) problems, a
b of data is contaminated with label noise forming a (partially)
subset DN ⊂ D
noisy dataset D, e.g. the labels in DN ⊂ D are randomly flipped or altered with
underlying class transition probabilities [35,16,20], and the number and identities
of such noisy examples are not known. ALC algorithms are then provided with
a labeling budget G such that they can select and query the true labels of
G examples to an oracle. Typically, these algorithms identify iteratively such
examples: Initially, a network h0 is trained on D0 = D. At iteration t, the
outputs ht−1 |Dt−1 of ht−1 trained on Dt−1 are analyzed to determine a batch
B t ⊂ D of examples to query. Once B t ⊂ D is labeled, Dt is accordingly updated.
In active learning (AL), B t is often selected as the most ambiguous examples,
i.e. those with the highest entropy values of the corresponding class-conditional
probabilities h(x). However, naı̈vely applying this strategy to ALC can be suboptimal as it can select already clean examples (in DC = D \ DN ): As DN is not
known a priori, ht trains on the entire dataset Dt , possibly memorizing noisy
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data DN ⊂ Dt , and hence it can generate relatively high entropy values even on
the examples in DC .
Similarly to existing AL and ALC approaches, we employ entropy as the main
batch selection criterion but we enhance its labeling efficiency by 1) robustifying
the training of ht via suppressing the contributions of label noise in its parameter
update (Sec. 3.1). This helps improve the estimation of entropy values as well
as classification accuracy. Also, 2) we iteratively regulate the estimated entropy
values during batch selection (Sec. 3.2). Each time a single example is labeled, its
updated entropy value is instantly propagated to Dt suppressing the entropies of
the other points. This helps avoid selecting accumulations of adjacent examples
and diversify label selection without having to retrain h per stage.
3.1

Robust update of classifier parameters

In the standard stochastic gradient descent-based learning, the parameter vector
W of h is iteratively updated using a mini-batch subset Di of D, minimizing L:
  W(i+1) = W(i)-\eta (i) \sum _{(x_k,y_k)\in D_i} \overline {\alpha }_k(i) \nabla _W l (h(x_{k}),y_{k}), \label {e:puiteration}

(2)

where i is the pass index of an iteration, η(i) is the learning rate, and the
contribution parameters {αk } are kept at a constant value of N1 . In this case,
clean and noisy examples contribute equally to the update of W potentially
distracting the training process.
Our algorithm dynamically adjusts {αk (i)} according to the learning progress
of h. At each epoch, the global weights {αj }N
j=1 are determined as convex comPN
bination coefficients of the entire dataset D (αj ≥ 0, j=1 αj = 1) and {αk (i)}
1
is selected from {αj }N
j=1 according to its mini-batch index. In the first epoch,
α(1) = [α1 (1), . . . , αN (1)]⊤ is uniformly initialized and W is updated according
to Eq. 2. Thereafter, at epoch q, α(q) is updated based on the following rule:

  \bm {\alpha }(q+1) = (1-\delta ^\alpha )\bm {\alpha }(q)+\delta ^\alpha \frac {\mbg (q)}{\|\mbg (q)\|_1}, \label {e:iterativereweight}

(3)

where g(q) = [g(l(hq (x1 ), y1 )), . . . , g(l(hq (xN ), yN ))]⊤ and

  g(z) = \exp \left (-\frac {z^2}{\sigma ^\alpha }\right ) \label {e:kernel}

(4)

for the step hyperparameter 0 ≤ δ α ≤ 1 and scale hyperparameter σ α ≥ 0. Once
α(q+1) is obtained, it is normalized such that ∥α(q+1)∥1 = 1. As g(l(h(xj ), yj ))
is inversely proportional to the loss l incurred at (xj , yj ), the iterative update
1

We denote a single update step of W for a given mini-batch (Eq. 2) by ‘pass’ while
an ‘epoch’ involves multiple mini-batch passes including all the training examples.
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process of Eq. 2 tends to ignore examples that consistently (during the iteration)
exhibit large errors. The parameter δ α controls the speed of α evolution: At large
(close to one) δ α , {αj } evolves rapidly, emphasizing the latest observed loss values while small δ α places more emphasis on the previous loss trajectory of each
example. σ α determines how aggressively losses are penalized: For small δ α values, even small losses are heavily penalized and only a small number of examples
contribute to the parameter update, while as δ α → ∞, g → 1 independently of
individual loss values, producing an even {αj } distribution.
Discussion. Using the training loss as a noise indicator is a common practice
in ACL. For example, Bernhardt et al.’s active cleaning strategy queries points
with large loss values [2]. Empirically evaluating this approach in preliminary
experiments, we observed that determining the optimal timing to measure losses
is challenging: At early training epochs, the classifier h might not have gained
sufficient information on the problem to faithfully estimate the target outputs
of clean data. On the other hand, at later epochs, h can overfit to D, generating
low loss values even on DN . Our approach bypasses this step by accumulating
the contribution parameters over time and gradually suppressing the outliers.
When our algorithm suggested candidates for labeling, on average (across a
varying number of labels) 97.9% of these examples were noisy while using [2]
achieved only around 91.1% accuracy: As (re-)labeling already clean examples is
redundant, ALC algorithms need to select noisy examples for querying (Table 1).
Our framework (Eq. 3) can be considered as an instance of example reweighting for robust learning: As the gradient is a linear operator, weighting the
loss gradient per example is equivalent to weighting individual examples. However, adapting these approaches to ALC is non-trivial. For example, Ren et al.’s
meta-learning approach requires clean validation labels [27]. While this might be
reasonable for general robust learning, in ALC, such labels are seldom available.
An alternative to our strategy is to explicitly pre-select clean examples DC ⊂
D: One could first apply data cleaning algorithms e.g. [43,14,23] to identify clean
examples and subsequently apply active learning. Once DC can be successfully
estimated, in principle, this choice would lead to improved performance. However, Fig. 4 demonstrates that precisely identifying DC is challenging even when
the number of noisy examples is assumed known as in [14].
3.2

Entropy propagation for iterative label selection

Querying the most uncertain examples (e.g. with the highest entropy values)
for labeling has been commonly exercised in AL and ALC. An ideal setting
in this case would be fine-grained incremental learning: At stage t, the single
most uncertain example x∗ ∈ Dt−1 is queried for labeling and Dt is accordingly
updated. Then, a new classifier ht is trained on Dt yielding the uncertainty
estimates for the next stage. However, in deep learning, this strategy is not
directly applicable as it requires frequently retraining the classifier, incurring
prohibitively high computational costs. Instead, a batch B t of examples are
selected at once as examples with the highest entropies in Dt−1 .
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Fig. 1: An example of entropy diffusion on CIFAR-10 dataset. A point x∗ is
newly labeled and the corresponding entropy is updated to zero. The entropies
of the remaining examples in D are accordingly adjusted. The x-axis shows the
indices of data points ordered inversely according to the distance to x∗ . The first
entry is x∗ . When x∗ has originally a high entropy value, its spatial neighbors
also exhibit high entropy values (the average entropy on D was less than 0.7).
Applying diffusion on D suppressed the entropies of points near x∗ . Note that
the degrees of suppression are proportional to the similarity to x∗ .
This naı̈ve batch selection strategy often generates redundant labelings: When
ht assigns a high entropy value e(x∗ ) to an example x∗ , it is likely that other
examples in its neighborhood N (x∗ ) also have high entropies (Fig. 1) and therefore, included in B t along with x∗ (Fig. 1). However, when ht is trained with
the ground-truth label of x∗ , it may acquire sufficient information to resolve
uncertainty in N (x∗ ). In this case, it would be more efficient to select examples outside N (x∗ ). Our approach is to diversify batch selection by simulating
a diffusion process on the manifold of data points X .
Entropy diffusion on data manifolds. On a Riemannian manifold X equipped
with a data-generating distribution p(x), a diffusion of a smooth function g ∈
C ∞ (X ) is described as a time evolution equation:
  \label {e:adiffusion} \frac {\partial g}{\partial t} = \Delta _p g,

(5)

where ∆p is the (p-normalized) Laplacian on X . This process gradually propagates the mass g(x) at location x to the entire manifold weighted by p [28]
and it has been used in denoising smooth functions and data points [12], semisupervised learning [3], and simulating information spread on social networks [24].
We consider the entropy values e as a smooth function to be diffused along X .
Suppose that at stage t, ht is trained and the corresponding entropy estimation on X is made. Then, the example x∗ with the maximum entropy is queried
for labeling, and the corresponding entropy value e(x∗ ) is set to zero. This new
information is spread over X suppressing the entropies of the related points.
Entropy propagation algorithm. In practice, the manifold X is not directly
observed and instead a point cloud X = {xj }N
j=1 sampled from p is presented
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as an embedding of X onto a Euclidean space (i.e. X ⊂ Rd with d being the
data dimensionality). In this case, the analytic diffusion process can be spatially
discretized as
  \label {e:entropydiff} \frac {\partial \mbe }{\partial t} = -L \mbe ,

(6)

where e = [e(x1 ), . . . , e(xN )]⊤ , L is the probability-normalized graph Laplacian
constructed based on X:
  \label {e:sdlaplaciandiffusion} L &= I-D^{-1}A,\\ A^{jk} &= \begin {cases}\exp \left (-\frac {\|x_j-x_k\|^2}{\sigma ^L}\right ), & \text {if $x_j=\calN (x_k)$ or $x_k=\calN (x_j)$}\\ 0, & \text {otherwise}, \end {cases}\nonumber \\ D^{jk} &= \begin {cases} \sum _m^N A^{jm}, & \text {if $j=k$}\\ 0, & \text {otherwise}, \end {cases}\nonumber

N (x) is the nearest neighbors of x, and σ L > 0 is a scaling hyperparameter.
When the sample size N grows to infinity, X becomes a precise representation
of M and in this case, −L converges to the true Laplacian ∆p [11].
Our entropy propagation algorithm is obtained by time-discretizing the continuous evolution of Eq. 6 using the explicit Euler scheme [4]:
  \label {e:entropydiffEuler} \mbe (i+1) = \mbe (i)-\delta ^L L \mbe (i)

(8)

with a time-discretization step size δ L > 0. This helps simulate fine-grained
incremental learning without the need to actually retrain h for each newly added
label. Figure 1 shows that high entropy values are indeed spatially correlated,
and our diffusion process can effectively suppress the entropies of nearby points.
Discussion. The diffusion process in Eq. 6 jointly updates the entropy values e
of the entire training set D. This offers the capability of not only suppressing the
entropies of neighbors N (x∗ ) of a newly labeled example x∗ but also regularizing
potentially noisy entropies (as h trains on noisy data D). The latter can be seen
by noting that for a manifold X with a compactly supported data distribution
p, the time-discretization of the diffusion process in Eq. 5 corresponds to a single
gradient-descent step for minimizing the following energy:
  E(g; g^{t-1}) = \|g-g^{t-1}\|^2+\delta \langle \nabla g,\nabla g\rangle

(9)

where ∇g is the gradient of g. This is a direct consequence of Stokes’ theorem [10]:
Our diffusion promotes first-order smoothness of the solution e along X .
3.3

Active label correction algorithm

Our final algorithm is obtained by incorporating the robust classifier training
steps (Sec. 3.1) into the incremental label selection process (Sec. 3.2): At iteration t, the classifier parameter W and contribution parameters {αj }N
j=1 are
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Algorithm 1 Robust active label correction algorithm
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:

Input: Noisy data D = {(xi , yi )}N
i=1 , and labeling batch size Q and budget G.
Initialization: D0 = ∅, B 0 = ∅, S 0 = ∅, and t = 1.
repeat
αj = N1 for j = 1 . . . , N .
if mod (t, Q) = 0 then
S t = S t−1 ∪ B t−1 .
repeat
Update the classifier h parameter W according to Eq 2.
Update the contribution coefficients {αj }N
j=1 using Eq 3.
until maximum epoch reached.
Train h with {αj }N
j=1 .
Evaluate the entropy values e using h on D.
B t = ∅.
end if
Sample the candidate set C from D \ S t using pS .
Select an example x∗ ∈ C with the largest entropy e.
repeat
Assign zero to e(x∗ ).
Update e using Eq. 8.
until maximum diffusion steps reached.
B t = B t ∪ {x∗ }.
t = t + 1.
until labeling budget reached.
Output: Trained classifier ht and (partially) cleaned label set S t .

estimated using Eqs. 2 and 3, and the entropy estimates {e(xj )}N
j=1 are obtained
by evaluating ht on Dt . Then, a batch B t of data are constructed by iterating
through 1) sampling a set C of candidate examples from the probability distribu1−αj
tion pS on {1, . . . , N } formed by pSj = PN 1−α
: For experiments, we sampled
k=1

k

candidates from pS by ranking pS ); 2) adding the example x∗ with the highest entropy value in C to B t ; and 3) iteratively updating the entropy estimates
{e(xj )}N
j=1 using Eq 8. Algorithm 1 summarizes the training process.
Hyperparameters and complexity. Our algorithm requires determining several hyperparameters. This is a difficult problem in the ALC setting: Often, the
hyperparameters of learning algorithms are tuned based on separate validation
sets. However, in ALC, labels are inherently limited and such validation sets
might not be available. For our experiments (Sec. 4), we determined these parameters based on heuristics commonly employed in related problem domains
and fixed them across the entire datasets. The Laplacian scaling parameter σ L
(Eq. 7) was determined as the squared mean of pairwise data distances in D
following [32]. The scale parameter σ α > 0 (Eq. 4) was determined similarly.
The number of entropy diffusion steps (Eq. 8) was fixed at 10. The size of the
neighborhood N (x) in building L was fixed at 10 as commonly exercised in
semi-supervised learning [12]. The explicit Euler discretization (Eq. 8) of the
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continuous diffusion process (Eq. 6) is numerically stable only for small step
sizes δ L > 0 [15] and we fixed it at 0.1. The update parameter δ α > 0 is fixed at
the same value.
The time complexity of our algorithm is linear in the number N of total
examples and the number M of classes: The main computational bottleneck is
in the assessment of the loss and entropy values on D, and the diffusion step of
the entropies (Eq. 8). As the graph Laplacian L is sparse, the multiplication Le
takes linear time O(|N | × N ). On CIFAR-100 dataset, selecting a single label
took 0.003 second on average.

4

Experiments

Datasets. We evaluated our method on four benchmark datasets: CIFAR10 [17], CIFAR-100 [17], Fashion MNIST (F-MNIST ) [37], and Caltech-256 [7].
These datasets are widely used in active label correction (ALC) and learning
with noisy labels [19,2,14,8,5]. For all datasets, initially 80% of the ground-truth
labels were corrupted using noise models and the remaining clean labels were
augmented by performing ALC with a labeling budget G and a batch size Q
of 15,000 and 1,000, respectively: The classifier h was trained at every 1,000-th
stages, and during the intermediate stages, ALC algorithms queried 1,000 examples to label. The numbers and identities of the original clean labels were not
known to ALC algorithms. We considered two label noise models. The uniform
noise model replaces the ground-truth labels with labels randomly selected from
uniform class distributions [2,25]. In the class-symmetry flipping model, a class
transition probability matrix T ∈ RM ×M is first constructed such that T ij is
the probability of transition from class i to class j. For each point with class i,
a noise label is sampled from the distribution corresponding to the i-th row of
T . The entries of T are randomly sampled from the uniform distribution in [0, 1]
and each row was probabilistically normalized.
Baselines. We compared with random sampling of labels (Random), Nallapati et al.’s CorrActive learning (CorrActive) [21], Rebbapragada et al.’s ACL
approach [25] which selects a batch of examples with the highest entropies (Entropy; the ALC disagreement criterion in [25]), a method that combines the
loss and entropy values, inspired by Bernhardt et al.’s active label cleaning approach [2] (LossEnt),2 and Li et al.’s dual active label correction (DALC ) [19].
Similarly to Entropy, DALC selects high-entropy examples, and additionally, it
estimates the class transition matrix T (as a noise model) to adjust the estimated
outputs of h during training: For uncertain examples identified during training,
a modified loss l′ was applied:
  l'(h(x),y) = l(T^\top h(x),y).
2

(10)

This algorithm cannot be directly applied to our setting as it requires multiple
annotations for each newly labeled example. Our approach selects the points with
the largest sums of the loss and entropy values.
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Fig. 2: Mean accuracy (%) with standard deviation (shaded) of different active
label correction algorithms under uniform noise. The x-axis corresponds to the
number of queried labels. All ALC algorithms outperformed Random except for
LossEnt on CIFAR-10 and F-MNIST. DALC demonstrated competitive performance in CIFAR-10, CIFAR-100, and later learning stages of Caltech-256. Our
algorithm achieved further significant and consistent improvements.

For all datasets and ALC methods, we conducted experiments 10 times and
averaged the results. All experiments were performed on a machine with NVIDIA
RTX 3090GPU, Intel Core i7-11700KF CPU, and 32GB of RAM. We used the
classifier that consists of fixed ResNet-101 [9] pretrained on ImageNet and four
fully-connected layers. This configuration constantly outperformed fully trained
ResNet-50 and VGG-16 on CIFAR-10. We used stochastic gradient descent with
an initial learning rate of 0.01, a momentum value of 0.9, and a weight decay
factor of 10−4 . The learning rate was scaled by 0.1 every 10 epochs.
Results. Figures 2 and 3 summarize the results. All algorithms showed increasing accuracy as more labels were corrected, and they showed similar accuracy
progressions for both uniform noise and class-symmetry flipping noise. Entropy
and CorrActive achieved noticeable improvements from Random while LossEnt
was worse than Random when the number of classes are limited (CIFAR-10 and
F-MNIST ). DALC demonstrated further significant performance gains by learn-
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Fig. 3: Mean accuracy (%) with standard deviation (shaded) of different active
label correction algorithms under class-symmetry flipping noise.

ing the class transition matrices.3 Interestingly, it achieved high accuracy even
when uniform noise was used: DALC ’s noise model does not directly match this
type of noise. However, simultaneously selecting a batch of examples with the
highest entropy values can produce redundant labeling (Figure 1 shows that high
entropy values are indeed spatially correlated). By robustifying classifier training and entropy estimation through the contribution-weighted parameter update (Eq. 2), and promoting diversity in batch selection using entropy diffusion
(Eq. 8), our algorithm achieved even more pronounced performance improvements. On CIFAR-10, our algorithm reached 90% accuracy at only 3,000 labels,
while DALC and CorrActive required, 9,000 and 11,000 labels, respectively,
offering 3- and 3.6-times higher labeling efficiency. Importantly, our algorithm
was never significantly worse than other algorithms. Our results on Caltech-256
(with 256 classes) indicate that it gracefully scales with the number of classes.
3

DACL’s accuracy often decreased in the second iteration as it switches from the
entire dataset D to the labeled dataset S t in estimating the class transition matrix
T . At early ALC stages, these data points are limited and the corresponding T
estimation is unreliable, leading to degraded performances.
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Fig. 4: Performance of our robust parameter update approach (Eq. 2), the
standard uniform gradient combination,
and the explicit noise detection methods
of [14,43]. x- and y-axes show the number
of acquired labels and the corresponding
classification accuracy (%), respectively.
Our soft gradient combination approach
provides considerably higher labeling efficiency than hard noise detection and uniform gradient averaging.

Selection accuracy of noisy examples, and contributions of robust parameter update and entropy propagation. As the number and identities of clean examples
DC are not known and (re-)labeling such examples is redundant, ALC algorithms must select examples for querying from D \ DC . Table 1 shows that the
superior overall performance of our algorithm can be (partially) explained by its
ability to select examples from D \ DC .
Figures 4 and 5 demonstrate the effectiveness of our robust parameter update
and entropy propagation components.

Table 1: Average noisy example selection accuracy (%) of different ALC algorithms defined as the ratio between the number of queried points in D \ DC and
the total number of queries; CIFAR-100. Our algorithm consistently achieved
the highest selection accuracy.

5

# labels

1,000 3,000 5,000 7,000 9,000 11,000 13,000 15,000

Random
Entropy
LossEnt
CorrActive
DALC
Ours

81.20
90.30
93.70
87.60
89.10
97.90

80.50
91.30
93.98
89.70
92.10
98.00

81.50
90.00
93.02
87.50
91.70
97.30

82.00
91.50
93.41
87.60
91.10
97.80

80.50
92.60
93.70
89.20
91.10
97.80

80.00
90.70
93.79
89.10
90.20
97.80

81.00
90.80
94.27
89.70
88.30
98.10

82.10
91.40
93.22
90.20
88.80
97.60

Conclusions

Existing active label correction (ALC) approaches rely on uncertainty predictions made by unreliable classifiers (trained on noisy samples). Further, simultaneously selecting a batch of ambiguous examples can lead to redundant labeling.
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Fig. 5: (Left) Performance of our algorithm with and without entropy diffusion
(Caltech-256 ). (Right) Pure label acquisition efficiency of the conventional batch
entropy-based selection method and our entropy diffusion method: 15,000 labels
were acquired from initial 1,000 known labels (CIFAR-100 ). Entropy diffusion
contributes to consistent and statistically significant performance improvements.
Our method addresses these limitations by regulating the contributions of individual parameter gradients via monitoring the progression of losses, and diffusing
the entropy value of each newly labeled point avoiding the selection of spatial
accumulations. Combining these contributions into a learning framework, our
algorithm offers robustness in training under label noise and efficiency in label
acquisition without having to know the identity or number of noisy examples.
Evaluated on four benchmark datasets, our algorithm demonstrated a significant
and consistent performance gain over state-of-the-art methods.
Limitations and future work. Our method assumes a uniform cost per label
while in practice, the labeling cost can vary across examples: Labeling the most
ambiguous examples can rapidly improve classifier performance, but it could also
involve considerable annotation time and effort. In such cases, one should carefully trade between the gain of the information and the associated annotation
cost. Adjusting our original entropy-based label selection criterion by incorporating a label cost estimation module (e.g., [33,6]) might be possible, but this would
involve modifying the entire label acquisition process. Our method is agnostic to
the noise generation process and therefore, complementary to noise model-based
approaches including DALC. Future work should investigate the possibility of
combing the strengths of model-based approaches and ours.
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