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ABSTRACT
Multi-annotator learning (MAL) aims to model annotator-specific
labeling patterns. However, existing methods face a critical chal-
lenge: they simply skip updating annotator-specific model param-
eters when encountering missing labels—a common scenario in
real-world crowdsourced datasets where each annotator labels
only small subsets of samples. This leads to inefficient data uti-
lization and overfitting risks. To this end, we propose a novel
similarity-weighted semi-supervised learning framework (SimLa-
bel) that leverages inter-annotator similarities to generate weighted
soft labels for missing annotations, enabling the utilization of unan-
notated samples rather than skipping them entirely. We further
introduce a confidence-based iterative refinement mechanism that
combines maximum probability with entropy-based uncertainty to
prioritize predicted high-quality pseudo-labels to impute missing
labels, jointly enhancing similarity estimation and model perfor-
mance over time. For evaluation, we contribute a new multimodal
multi-annotator dataset, AMER2, with high and more variable miss-
ing rates, reflecting real-world annotation sparsity and enabling
evaluation across different sparsity levels.

CCS CONCEPTS
• Computing methodologies → Semi-supervised learning
settings; Machine learning; Multi-task learning.

KEYWORDS
Multi-annotator Learning, Missing Labels, Soft Label, Annotator
Similarity, Semi-supervision

1 INTRODUCTION
Multi-annotator learning (MAL) has recently emerged as a research
hotspot due to its relevance in subjective or nondeterministic tasks,
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Figure 1: The sample is labeled by annotators 𝐴1 to 𝐴3, with
𝐴3’s label missing. (a) In existingmethods, the predicted label
distribution 𝑝3 from 𝐴3’s model𝑀3 lacks supervision due to
the missing label, resulting in skipped parameter updates
for𝑀3 on this sample. (b) In contrast, our method leverages
labeling pattern similarities among 𝐴1 to 𝐴3, estimated from
the dataset, to generate a soft label 𝑝3 that approximates 𝐴3’s
true label. This is achieved via similarity-weighted aggre-
gation of predictions 𝑝1 and 𝑝2, enabling semi-supervised
updates of𝑀3 despite label missing.

such as medical diagnosis [14], visual perception [40], etc.. MAL
aims to model annotator-specific labeling patterns [11, 34].

However, existing MAL methods face a critical challenge: they
simply skip updating annotator-specific model parameters during
training when encountering missing labels—a common scenario in
real-world crowdsourced datasets, where each annotator labels only
a small and often non-overlapping subset of samples to improve
annotation efficiency [16]. This leads to low data utilization and
increased risk of overfitting, as the annotator model is trained on
limited annotations due to extensive missing labels.

To address this limitation, we propose a novel similarity-weighted
semi-supervised learning framework (SimLabel), which estimates
pairwise inter-annotator similarities and leverages them to gen-
erate weighted soft labels for missing annotations. It should be
clarified that our goal is not to “fix” the inherent missing label char-
acteristic of crowdsourced data, but rather to enable more effective
data utilization. We aim to ensure that annotator-specific model
parameters can still be updated when labels are missing, rather than
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simply skipped, thereby improving model performance through
enhanced supervision.

Specifically, consider the example in Figure 1 with three annota-
tors (𝐴1, 𝐴2, and 𝐴3), where 𝐴3’s annotation is missing for a given
sample. As shown in Figure 1(a), existing approaches train sepa-
rate models (𝑀1,𝑀2, and𝑀3) for each annotator. However, when
𝐴3’s label is absent, existing methods simply skip updating 𝑀3’s
parameters entirely due to a lack of supervision, wasting valuable
training opportunities and leading to inefficient data utilization and
potential overfitting, as repeated application of this practice may
result in annotator-specific models being trained on a small dataset
with numerous missing labels.

In contrast, our method proposed in Figure 1(b) leverages Co-
hen’s kappa coefficient [27] to calculate pairwise inter-annotator
similarities. When 𝐴3’s label is missing, we weight the predicted
distributions from other annotators (𝐴1 and 𝐴2) based on their
similarities to 𝐴3, generating a similarity-weighted soft label 𝑝3
to supervise model 𝑀3’s training. This semi-supervised approach
enables continuous parameter updates rather than skipping missing
annotations entirely, thereby improving data utilization efficiency
and reducing overfitting risks.

Meanwhile, we introduce a confidence assessment mechanism
that combines maximum probability values and entropy-based un-
certainty metrics to evaluate the similarity-weighted soft labels.
High-confidence predictions exceeding a predetermined threshold
represent high reliability of the generated pseudo-labels, which
are used to impute original missing labels in the dataset to re-
calculate the inter-annotator similarity matrix. This establishes a
self-reinforcing cycle that jointly enhances similarity estimation
and model performance over time.

To facilitate evaluation, we contribute a new multimodal multi-
annotator dataset for video emotion recognition, AMER2, with 10
annotators, high and more variable missing rates across annotators
(ranging from 75.9% to 91.3%). AMER2 better reflects real-world
sparse annotation scenarios and enables evaluation under varying
levels of label sparsity. Our contributions are as follows:

• Wepropose a novel similarity-weighted semi-supervised
learning framework that addresses the missing label chal-
lenge inmulti-annotator learning. It leverages inter-annotator
similarities to generateweighted soft labels, enabling annotator-
specific model updates when annotations are missing rather
than skipping them entirely. This improves data utilization
and reduces overfitting risk, enhancing model performance.

• We introduce a confidence-based iterative refinement
mechanism that combinesmaximumprobabilitywith entropy-
based uncertainty to dynamically prioritize predicted high-
quality pseudo-labels to impute missing labels, jointly en-
hancing similarity estimation and model performance over
time.

• Wecontribute a newmultimodalmulti-annotator dataset,
AMER2, with high and more variable missing rates across
10 annotators (ranging from 75.9% to 91.3%), which better
reflects real-world sparse annotation scenarios and enables
evaluation under varying levels of label sparsity.

2 RELATEDWORK
2.1 Traditional Multi-annotator Learning
Traditional multi-annotator learning aims to estimate a single con-
sensus or ground-truth label frommultiple annotators’ labels. These
include early probabilisticmodels [8], EM algorithms [17, 30], Gauss-
ian models [19], CNNmodels [1], and biased estimation [29]. Tanno
et al. [23] proposed modeling annotator confusion matrices as learn-
able parameters in neural networks. Cao et al. [4] introduced max-
MIG to learn from multiple annotators. NEAL [5] employs neural
expectation-maximization to jointly learn annotator expertise and
true labels. Later methods used probabilistic frameworks to aggre-
gate multiple annotations into a consensus or ground-truth label by
confusion matrix [24], agreement distribution [28], and Gaussian
distributions [14]. This aggregation paradigm often treats annotator
disagreements as noise to be averaged away rather than valuable
information [12, 31]. The underlying computer vision and machine
learning techniques used in multi-annotator learning have broader
applications across various domains [21, 35, 37? –39], though an-
notator disagreements in multi-annotator scenarios reflect genuine
perspective differences rather than noise.

2.2 Multi-annotator Labeling Pattern Modeling
Some studies have also attempted to model individual annotator
patterns and provide explanations: D-LEMA [15] trains annota-
tor models on non-contradictory subsets with spatial weights for
noise handling; MaDL [11] jointly optimizes ground truth classi-
fiers and annotator models through weighted embeddings; TAX
[6] associates convolutional kernels with prototype libraries for
pixel-level annotation decisions; MAGI [41] leverages annotator
explanations to address noisy annotations, and Schaekermann et
al. [20] analyze factors contributing to disagreements. Particularly,
QuMATL [34] models individual annotator labeling patterns via
learnable queries with behavioral analysis, introducing a paradigm
shift, i.e., views each annotator as having unique labeling patterns
worth preserving rather than as noisy approximations of ground
truth. However, missing labels are inherent characteristics of crowd-
sourced data; the annotator-specific model parameters will skip
update in case of missing labels, thereby influencing the individual
annotator modeling.

2.3 Multi-annotator Learning with Missing
Labels

To the best of our knowledge, the multi-annotator learning with
missing labels task problem has not yet been investigated. Several
similar works are as follows: Yan et al. [32] modeled annotator
expertise for complete annotation scenarios without addressing
missing annotation challenges. Davani et al. [7] preserved disagree-
ments beyond majority voting but lacked a framework for missing
annotator labels. Li et al. [13] incorporated instance features but
assumed available annotations, while Tanno et al. [25] addressed
noisy labels through confusion estimation without handling miss-
ing data. Guan et al. [9] demonstrated individual labeler modeling
benefits but did not consider missing label scenarios. Shah et al.
[22] explored crowdsourcing self-correction mechanisms without
specific missing label strategies. Rodrigues et al. [18] proposed deep
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Table 1: Label statistics and missing rates of the AMER2 dataset compared to the AMER dataset. For each annotator, the number
of labeled samples, the corresponding missing rate (%), as well as the average data, and the total number of samples are reported.
AMER contains 13 annotators while AMER2 contains 10 annotators, denoted as 𝐴𝑘 .

Number of samples 𝐴1 𝐴2 𝐴3 𝐴4 𝐴5 𝐴6 𝐴7 𝐴8 𝐴9 𝐴10 𝐴11 𝐴12 𝐴13 Average Total

AMER 1096 1031 1022 1036 1012 970 1064 1049 1060 1062 5187 5197 5202 1999.1 5207
AMER2 545 538 201 557 493 545 346 544 542 545 - - - 485.6 2311

Missing rate (%) 𝐴1 𝐴2 𝐴3 𝐴4 𝐴5 𝐴6 𝐴7 𝐴8 𝐴9 𝐴10 𝐴11 𝐴12 𝐴13 Average -

AMER 79.0 80.2 80.4 80.1 80.6 81.4 79.6 79.9 79.6 79.6 0.4 0.2 0.1 69.6 -
AMER2 76.4 76.7 91.3 75.9 78.7 76.4 85.0 76.5 76.5 76.4 - - - 79.0 -

learning from crowds assuming complete crowd annotations, and
Albarqouni et al. [2] introduced AggNet for medical imaging but
focused on aggregating available annotations rather than handling
missing ones.

Existingmulti-annotator learningmethods directly skip annotator-
specific model parameter updates in case of missing labels, which
not only causes inefficient data utilization but may also lead to over-
fitting of annotator models on small datasets. Our work fills this
critical gap by proposing a framework that leverages the similar-
ity relationships between annotators to achieve annotator-specific
model parameter updates when labels are missing rather than sim-
ply skipping. By introducing this similarity-based soft constraint
for cases of missing labels, our approach avoids the low data utiliza-
tion efficiency and potential overfitting risks caused by skipping
annotator-specific model parameter updates due to a lack of super-
vision when labels are missing.

3 DATASET CONSTRUCTION
This paper introduces a new video emotion recognition dataset,
AMER2, which is an extended version of the AMER dataset [34].
The AMER dataset contains 5,207 video samples and provides rich
per-annotator labels to meet the requirements of multi-annotator
tendency learning [34].

Unlike AMER, AMER2 provides an additional 2,311 samples
and sparse per-annotator labels, with the intention of validating
the effectiveness of our proposed method under more challeng-
ing missing conditions. In AMER2, most samples focus on single-
person videos with relatively complete speech content, sourced
from movies and TV series.

During the annotation process, we utilize the Label Studio toolkit
[26] and hire multiple annotators who are masters or PhD students
in our labs. To ensure annotation quality, these annotators first
undergo preliminary exams. In these exams, we provide 10 samples
and ask the annotators to select the most likely label from 8 candi-
date labels: worry, happiness, neutral, anger, surprise, sadness, other,
and unknown. These samples were previously annotated by five
experts and have obtained five-agreement labels. Annotators who
fail to pass the preliminary exam are removed from the annotation
pool. After that, we retained 10 annotators, and each annotator com-
pleted the task in approximately two weeks, with scheduled breaks
to maintain annotation quality. Finally, each annotator provided
approximately 201 to 557 labels.

Table 1 provides statistics for AMER and AMER2. From this table,
we observe that AMER2 has an overall averagemissing rate of 79.0%,
with one annotator’s missing labels reaching an extreme of 91.30%,
which is higher than AMER’s overall average missing rate of 69.6%.
Therefore, AMER2 increases the proportion of missing labels to
better mimic real-world scenarios with sparse per-annotator labels.
In this paper, we conduct experiments on both datasets, aiming
to validate the effectiveness of our method under variable missing
rates.

4 METHODOLOGY
SimLabel contains two components: the similarity-weighted frame-
work and confidence-based iterative refinement. Similarity-weighted
framework generates soft labels for missing annotations through
inter-annotator similarity weights, providing semi-supervised con-
straints for annotator-specific models (Figure 2). Confidence-based
iterative refinement dynamically updates the similarity matrix by
evaluating confidence scores of generated soft labels, creating a
self-reinforcing learning cycle (Figure 3).

4.1 Similarity-weighted Framework
Wepropose a novel approach to address the issue of multi-annotator
learning with missing labels. As shown in Figure 2, our dataset
consists of pairs of a video 𝑥 and a setY = {𝑦} of labels𝑦 ∈ {0, 1}𝑁
in the one-hot representation, where 𝑁 is the number of classes. Y
contains labels by multiple annotators 𝐴𝑘 (𝑘 = 1, . . . , 𝐾 , where 𝐾
is the number of annotators), providing different annotations for
the same video because of the subjectivity or nondeterministicity
of the task. Often, not all annotators label all samples (thus |Y| ≤
𝐾), resulting in missing labels—a common situtaion in real-world
scenarios. In this example, for emotion assessment in the video, 𝐴1
gives the label ‘neutral’, 𝐴2 gives the label ‘sad’, while 𝐴3 does not
give the label, i.e, the label is missing.

The video 𝑥 is processed by separate classification model𝑀𝑘 for
each annotator 𝐴𝑘 , designed to learn individual labeling patterns.
The choice of these classification models are arbitrary: They can use
Gaussian distribution fitting (PADL [14]), confusion matrix (MaDL
[11]), or query-based architecture (QuMATL [34]), etc. to model
individual annotators (and their relationship). Given an input data
𝑥 , each model produces label distribution 𝑝𝑘 (𝑙 |𝑥) for 𝐴𝑘 and class
𝑙 (𝑙 = 1, . . . , 𝑁 ).

When the annotation from 𝐴𝑘 is available for pair (𝑥,Y, we up-
date the corresponding model𝑀𝑘 using𝑦𝑘 ∈ Y through supervised
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Figure 3: Confidence-based Iterative Refinement. Confidence
is calculated for the soft label (𝑝𝑘 ) generated for missing
labels. When confidence exceeds a predetermined threshold,
the predicted high-quality pseudo-label imputes the original
missing label in the dataset, iteratively updating the inter-
annotator similarity matrix and utilized for soft label (𝑝𝑘 )
generation in subsequent iterations.

learning by computing cross-entropy loss:

Lce (𝑝𝑘 , 𝑦𝑘 ) = −
𝑁∑︁
𝑙=1

𝑦𝑘𝑙 log𝑝𝑘 (𝑙 |𝑥). (1)

When annotation from 𝐴𝑘 is unavailable, we update model𝑀𝑘
in a semi-supervised manner by computing Kullback-Leibler (KL)
divergence loss with generating a soft label 𝑝𝑘 ∈ [0, 1]𝑁 :

Lkl (𝑝𝑘 , 𝑝𝑘 ) = 𝐷KL (𝑝𝑘 ∥𝑝𝑘 ). (2)

The soft label 𝑝𝑘 is key to our method. Based on our assumption
that inter-annotator correlations derived from labels in a multi-
annotator dataset can give some ideas on missing labels, inter-
annotator similarities across the entire dataset to indirectly update
models with unannotated samples through semi-supervised learn-
ing. We calculate the similarity matrix between annotators using
the Cohen’s kappa coefficient [27] from the original dataset. Fig-
ure 2 illustrates the matrix, where darker colors indicate greater
similarity between annotators. 𝐴1 has higher similarity to 𝐴3 com-
pared to 𝐴2; therefore, when 𝐴3’s label is missing, 𝐴1’s label 𝑦1
may be more informative to predict 𝑦3 compared 𝐴2’s. We define
the similarity weights of 𝐴1 relative to 𝐴3 and 𝐴2 relative to 𝐴3 as
𝑤1,3 and 𝑤2,3, respectively. The soft label 𝑝3 is thus generated by
the weighted sum of label distribution predictions 𝑝1 and 𝑝2 with
their corresponding similarity weights 𝑤1,3 and 𝑤2,3. In general,
we generate the soft label for 𝐴𝑘 by:

𝑝𝑘 =
∑︁

𝑤𝑘 ′,𝑘𝑝𝑘 ′ , (3)

where the summation is computed over all 𝑘′ ≠ 𝑘 . Here, 𝑘′ refers
to the number of those annotators who have labels; 𝑘 refers to the
annotator who has the missing label.

4.2 Confidence-based Iterative Refinement
Building upon the similarity-weighted framework, we introduce a
confidence assessment mechanism for the similarity-weighted soft
labels. As shown in Figure 3, if the confidence score exceeds a pre-
determined threshold, indicating high reliability of the generated
soft label, the predicted label will impute the corresponding miss-
ing labels of the original dataset to recalculate the inter-annotator
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Algorithm 1 The Confidence-based Iterative Refinement for Dy-
namic Inter-Annotator Similarity Relationship
Require: Dataset D with missing labels, confidence threshold 𝑇
1: Initialize similarity matrix 𝑆𝑀 using Cohen’s kappa coefficient

on available labels
2: Initialize annotator models {𝑀1, 𝑀2, . . . , 𝑀𝐾 }
3: for each training epoch do
4: for each sample with missing labels do
5: Generate similarity-weighted soft label:

𝑝𝑘 =
∑
𝑤𝑘 ′,𝑘𝑝𝑘 ′

6: Calculate confidence:
𝑐 = max(𝑝𝑘 ) × (1 − 𝐻 [𝑝𝑘 ]

𝐻max
)

7: if 𝑐 ≥ 𝑇 then
8: Extract predicted label:

𝑦𝑝𝑟𝑒𝑑 = arg max(𝑝𝑘 )
9: Impute 𝑦𝑝𝑟𝑒𝑑 into dataset for corresponding missing

annotation
10: Recalculate annotator similarity matrix 𝑆𝑀 using up-

dated dataset
11: end if
12: Update annotator models using supervised and semi-

supervised losses
13: end for
14: end for
Ensure: Refined similarity matrix 𝑆𝑀 , imputed dataset, trained

annotator models

similarity matrix. Through this mechanism, we establish a self-
reinforcing cycle that continuously refines the inter-annotator sim-
ilarity relationships and the individual annotator models’ ability,
leading to progressively more accurate predictions throughout the
training process. This mechanism integrates both maximum prob-
ability values and entropy-based uncertainty metrics to provide
comprehensive confidence estimates and identify highly reliable
soft labels.

Confidence Calculation. As shown in Algorithm 1, for the
similarity-weighted soft labels 𝑝𝑘 generated for a missing annota-
tion of𝐴𝑘 , we perform confidence calculations to enhance our semi-
supervised method. Our confidence combines maximum probability
with normalized entropy to provide a comprehensive assessment
of prediction reliability:

𝑐 = max(𝑝𝑘 ) × (1 − 𝐻 [𝑝𝑘 ]
𝐻max

), (4)

where max(𝑝𝑘 ) is the maximum value in 𝑝𝑘 , 𝐻 [𝑝𝑘 ] is the entropy
of 𝑝𝑘 , and 𝐻max = log𝑁 . The right side of the multiplication is to
normalize 𝑐 into [0, 1].

This formulation requires predictions to have both high max-
imum probability and low normalized entropy to achieve high
confidence scores. This provides a comprehensive assessment of
prediction reliability by balancing two key factors: (1) The maxi-
mum probability term max(𝑝𝑘 ) captures the model’s confidence in
the most likely class. (2) The normalized entropy term𝐻𝑛𝑜𝑟𝑚 (𝑝𝑘 ) =
(1− 𝐻 [𝑝𝑘 ]

𝐻max
) measures the uncertainty across the entire distribution,

with lower values indicating more concentrated (certain) predic-
tions.

Dynamic Refinement Process. As shown in Algorithm 1,
when the calculated confidence exceeds a predetermined threshold
𝑇 (Algorithm 1, line 7), indicating that the generated soft label has
high reliability, the predicted label 𝑦𝑝𝑟𝑒𝑑 is extracted and incorpo-
rated into the location of missing label in the original dataset (lines
8–9). The annotator similarity matrix 𝑆𝑀 is then recalculated using
the updated dataset with newly imputed labels (line 10).

This process facilitates more accurate establishment of similarity
relationships between annotators in cases of missing labels. As
training progresses and missing labels meeting confidence criteria
are incorporated, a virtuous cycle emerges, continuously refining
the similarity relationships between annotators. The dynamic re-
finement allows each annotator model to more accurately capture
its specific annotation patterns, even when starting from datasets
with significant numbers of missing annotations.

The effectiveness of this approach lies in its ability to lever-
age high-confidence predictions to bootstrap the learning process,
creating a self-improving system where each iteration potentially
enhances the quality of both the similarity matrix and the generated
soft labels for remaining missing annotations.

5 EXPERIMENT
We conduct extensive experiments comparing SimLabel (with and
without confidence-based iterative refinement) against existing
approaches that simply skip annotator-specific model parameter
updates in case of missing labels. To verify effectiveness across
different architectures, we evaluate on three annotator modeling
frameworks: Gaussian distribution fitting (PADL [14]), confusion
matrix (MaDL [11]), and query-based modeling (QuMATL [34]).
Experiments are conducted on AMER2 and AMER containing real
missing labels, and the STREET dataset with simulated missing
labels at various missing ratios, using Accuracy and Difference of
Inter-annotator Consistency (DIC) [34] as evaluation metrics.

Note that due to space limitations, we discuss additional key is-
sues with experimental results, including training dynamics, thresh-
old sensitivity to missing rates, and strategies for handling noisy
labels and avoiding propagation errors, etc., in the supplementary
material.

5.1 Implementation Details
Weuse Cohen’s kappa coefficient [27] to calculate the inter-annotator
similarity matrix. Image and video data are all resized to 224×224
and further normalized. For different annotator model architec-
tures, we follow their original training and testing settings. These
experiments are achieved on four NVIDIA V100 GPUs.

5.2 Evaluation Metrics
Accuracy is a standard metric to evaluate individual annotator
modeling. DIC [34] quantifies how inter-annotator correlations
differ between ground-truths and predictions, and we also use DIC
to evaluate our approach’s benefits from the perspective of inter-
annotator consistency.

5.3 Datasets
For the dataset, we primarily utilize the newly constructed multi-
modal emotion recognition dataset AMER2, alongside the earlier
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Table 2: Accuracy comparison on AMER2 dataset (10 annotators, 𝐴𝑘 , k = 1, . . . , 10) for annotator modeling performance with
average (Avg). Methods compared: existing approach (Architecture - Skip); similarity-weighted framework (Architecture -
Ours); similarity-weighted framework with confidence-based iterative refinement (Architecture - Ours + Confidence).

Methods 𝐴1 𝐴2 𝐴3 𝐴4 𝐴5 𝐴6 𝐴7 𝐴8 𝐴9 𝐴10 Avg

PADL - Skip 0.81 0.84 0.82 0.87 0.78 0.80 0.78 0.84 0.80 0.79 0.81
PADL - Ours 0.84 0.85 0.84 0.89 0.82 0.81 0.82 0.85 0.82 0.83 0.84
PADL - Ours + Confidence 0.86 0.87 0.84 0.90 0.84 0.83 0.85 0.86 0.85 0.86 0.86

MaDL - Skip 0.84 0.83 0.82 0.86 0.81 0.82 0.80 0.82 0.85 0.84 0.83
MaDL - Ours 0.87 0.84 0.85 0.87 0.83 0.85 0.82 0.86 0.86 0.85 0.85
MaDL - Ours + Confidence 0.89 0.86 0.88 0.88 0.86 0.87 0.84 0.88 0.88 0.87 0.87

QuMATL - Skip 0.86 0.83 0.87 0.84 0.86 0.87 0.88 0.83 0.85 0.86 0.86
QuMATL - Ours 0.89 0.85 0.90 0.86 0.89 0.88 0.91 0.86 0.87 0.89 0.88
QuMATL - Ours + Confidence 0.89 0.87 0.92 0.88 0.91 0.90 0.93 0.86 0.90 0.91 0.90

Table 3: Accuracy comparison on AMER dataset evaluating annotator modeling performance for 13 annotators.

Methods 𝐴1 𝐴2 𝐴3 𝐴4 𝐴5 𝐴6 𝐴7 𝐴8 𝐴9 𝐴10 𝐴11 𝐴12 𝐴13 Avg

PADL - Skip 0.89 0.90 0.88 0.93 0.87 0.91 0.86 0.94 0.89 0.88 0.47 0.54 0.35 0.79
PADL - Ours 0.91 0.92 0.90 0.94 0.90 0.92 0.89 0.95 0.91 0.91 0.55 0.61 0.45 0.83
PADL - Ours + Confidence 0.92 0.93 0.91 0.94 0.91 0.93 0.90 0.96 0.92 0.93 0.59 0.65 0.50 0.85

MaDL - Skip 0.93 0.91 0.90 0.89 0.90 0.88 0.90 0.89 0.87 0.92 0.50 0.53 0.37 0.80
MaDL - Ours 0.95 0.92 0.92 0.91 0.92 0.90 0.92 0.92 0.90 0.94 0.59 0.60 0.48 0.84
MaDL - Ours + Confidence 0.96 0.93 0.93 0.92 0.93 0.91 0.93 0.93 0.91 0.94 0.64 0.65 0.53 0.86

QuMATL - Skip 0.94 0.93 0.93 0.94 0.94 0.92 0.93 0.95 0.93 0.93 0.59 0.61 0.40 0.84
QuMATL - Ours 0.96 0.94 0.95 0.95 0.95 0.94 0.95 0.96 0.95 0.95 0.68 0.69 0.52 0.88
QuMATL - Ours + Confidence 0.97 0.95 0.95 0.96 0.96 0.95 0.96 0.97 0.96 0.96 0.72 0.73 0.57 0.89

Table 4: Randomly removing annotations at 40% missing ratios is to simulate sparser missing scenarios on STREET, AMER, and
AMER2 datasets. -Ha, -He, -Sa, -Li, and -Or represent five perspectives: happiness, healthiness, safety, liveliness, and orderliness.
The average modeling performance of whole annotators is evaluated by the accuracy metric.

Methods STREET-Ha STREET-He STREET-Sa STREET-Li STREET-Or AMER AMER2

PADL - Skip 0.43 0.42 0.38 0.41 0.40 0.58 0.61
PADL - Ours 0.48 0.46 0.42 0.47 0.45 0.64 0.66
PADL - Ours + Confidence 0.51 0.49 0.45 0.50 0.48 0.64 0.69

MaDL - Skip 0.42 0.43 0.36 0.38 0.36 0.63 0.65
MaDL - Ours 0.45 0.46 0.38 0.41 0.39 0.66 0.69
MaDL - Ours + Confidence 0.45 0.48 0.41 0.43 0.42 0.71 0.72

QuMATL - Skip 0.52 0.51 0.46 0.49 0.48 0.66 0.68
QuMATL - Ours 0.56 0.55 0.50 0.53 0.52 0.70 0.71
QuMATL - Ours + Confidence 0.60 0.58 0.54 0.57 0.56 0.74 0.75

version AMER and the city impression assessment dataset STREET
[34]. AMER2 and AMER naturally contain missing labels in real-
world settings, while STREET is a complete real-world dataset.
The AMER dataset’s complexity in capturing temporal emotion
dynamics aligns with recent advances in time-sensitive emotion
recognition [33, 36]. For the STREET dataset, we randomly remove

annotations at different missing ratios to simulate annotation ab-
sence. Similarly, we also apply this random removal procedure to
AMER2 and AMER datasets to further increase missing rates and
validate the effectiveness of our approach.
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Table 5: DIC measures how well enhanced annotator mod-
eling via missing label handling improves inter-annotator
consistency toward ground truth, lower values indicate bet-
ter gains. -S and -O represent Skip and Ours approaches.

Datasets PADL-S PADL-O QuMATL-S QuMATL-O

STREET-Ha 0.48 0.44 0.43 0.38
STREET-He 0.52 0.45 0.38 0.34
STREET-Sa 0.32 0.28 0.24 0.20
STREET-Li 0.43 0.38 0.27 0.22
STREET-Or 0.57 0.53 0.54 0.49

AMER 0.36 0.32 0.23 0.19
AMER2 0.34 0.31 0.22 0.17

5.4 Results Analysis
Table 2 and Table 3 present accuracy results for each annotator
across different annotator model architectures based on the compar-
ison between our proposed SimLabel (i.e., using only the similarity-
weighted framework of the similarity-weighted soft label, defined
as “- Ours”, and using both the similarity-weighted framework and
confidence-based iterative refinement, defined as “- Ours + Confi-
dence”) with existing approaches (i.e., directly skipping annotator-
specific model parameter updates in case of missing labels, de-
fined as “- Skip”). Table 4 presents average accuracy results for
multi-annotators across different annotator model architectures at
different missing labels.

On theAMER2 dataset (Table 2), our approach using the similarity-
weighted framework (“- Ours”) consistently outperforms existing
approaches (“- Skip”) which directly skip annotator-specific model
parameter updates in case of missing labels, with average improve-
ments of 3% for PADL, 2% for MaDL, and 2% for QuMATL. When
incorporating confidence-based iterative refinement (“- Ours + Con-
fidence”) for our approach, we observe further enhancements of 2%
across all different architectures.

Results on the AMER dataset (Table 3) show similar patterns of
improvement. Our approach using the similarity-weighted frame-
work (“- Ours”) improves average accuracy by around 3% for PADL,
MaDL, and QuMATL compared to existing approaches (“- Skip”).
With confidence-based iterative refinement (“- Ours + Confidence”)
for our approach, these improvements further increase to around 2%.
This consistent enhancement across different model architectures
of multi-annotator learning validates our central hypothesis that
leveraging inter-annotator similarity provides an effective frame-
work for addressing missing label challenges in multi-annotator
learning.

For the STREET dataset, we conducted experiments with ar-
tificially induced missing labels at different rates, we show 40%
(Table 4) here, and more data are provided in the supplementary
material. To evaluate robustness, we also apply this random re-
moval procedure to AMER2 and AMER datasets to further increase
missing rates and validate the effectiveness of our approach. Our
approach delivers consistent improvements across all scenarios,
which demonstrates that our method is particularly valuable in
scenarios with severe label sparsity.

Table 6: Ablation studies on similarity matrix calculation,
confidence threshold, and calculation choices on AMER2
dataset. Top: Similarity matrix calculation choice. Middle:
Performance with different confidence thresholds. Bottom:
Comparison of different confidence calculation methods.

Similarity matrix calculation PADL MaDL QuMATL

Pearson correlation 0.82 0.84 0.86
Krippendorff’s alpha 0.84 0.85 0.88

Cohen’s kappa 0.85 0.87 0.90

Confidence Threshold PADL MaDL QuMATL

𝜏 = 0.5 0.85 0.86 0.89
𝜏 = 0.6 0.86 0.87 0.90
𝜏 = 0.7 0.84 0.85 0.88
𝜏 = 0.8 0.82 0.83 0.86

Confidence Calculation PADL MaDL QuMATL

max(𝑝𝑘 ) 0.83 0.84 0.87
(1 − 𝐻 [𝑝𝑘 ]

𝐻max
) 0.84 0.85 0.88

max(𝑝𝑘 ) × (1 − 𝐻 [𝑝𝑘 ]
𝐻max

) 0.86 0.87 0.90

For the gain evaluation of inter-annotator consistency, the DIC
scores in Table 5 also show that our similarity-weighted approach
shows consistent gains compared to the skip way (i.e., skipping
annotator-specific model parameter updates in case of missing la-
bels) across different architectures on different datasets. Lower DIC
values indicate that our approach better captures individual anno-
tators’ labeling patterns through enhanced annotator modeling via
missing label handling, thereby improving inter-annotator consis-
tency convergence toward ground truth. More detailed Table data
is provided in the supplementary material.

These results consistently demonstrate that leveraging annota-
tor similarity relationships through our soft label generation and
confidence-based iterative refinement mechanism improves multi-
annotator modeling performance, especially in realistic scenarios
with missing annotations.

5.5 Ablation Study
To evaluate the design choices in our confidence-based iterative
refinement mechanism, we conduct a detailed ablation study ex-
amining confidence threshold selection, its sensitivity to different
missing rates, and the effectiveness of different confidence formu-
lation methods. They are all performed on AMER2 dataset.

Similarity Matrix Calculation. We first need to clarify a key
point: our confidence threshold does not “filter out erroneous
pseudo-labels”, but rather uses reliable (high-confidence) predic-
tions to progressively refine the similarity matrix. Therefore, un-
der the widely validated Cohen’s kappa coefficient [27] and self-
iterative framework, the model performance demonstrates robust-
ness. Second, we conducted ablation experiments comparing Co-
hen’s kappa with Pearson correlation coefficient [3] and Krippen-
dorff’s alpha coefficient [10] to evaluate the accuracy of the similar-
ity matrix, as shown in Table 6 (top). Results on the AMER2 dataset
show Cohen’s kappa consistently outperforms alternatives through
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chance agreement correction for categorical annotations. Pearson
correlation coefficient fails to capture discrete characteristics, while
Krippendorff’s alpha shows instability in sparse scenarios. Even
with these less-matched metrics, model performance degradation
is minimal, validating similarity matrix robustness.

Confidence Threshold Selection. Table 6 (middle) shows the
performance of our method with different confidence thresholds.
The results indicate that a threshold of 𝜏 = 0.6 achieves the best per-
formance across all model architectures. Higher thresholds (𝜏 = 0.8)
lead to performance degradation, likely because too few predictions
meet the criteria for updating the similarity matrix. Lower thresh-
olds (𝜏 = 0.5) also perform slightly worse than 𝜏 = 0.6, possibly due
to the inclusion of lower-quality predictions that introduce noise
into the update process.

Confidence Formulation Comparison. Finally, we evaluate
different confidence calculation methods (Table 6, bottom): (1) us-
ing only maximum probability max(𝑝𝑘 ), (2) using only normalized
entropy complement (1 − 𝐻 [𝑝𝑘 ]

𝐻max
), and (3) our proposed combined

approachmax(𝑝𝑘 )×(1−
𝐻 [𝑝𝑘 ]
𝐻max

), where 𝑝𝑘 represents the similarity-
weighted soft label probability distribution generated for missing
annotations. The results demonstrate that our combined method
consistently outperforms single-metric approaches across all ar-
chitectures, with an average performance improvement of 3% over
max(𝑝𝑘 ) and 2% over entropy-only formulation. This validates our
hypothesis that effective confidence assessment should consider
both the strength of the dominant class prediction and the overall
distribution shape.

6 CONCLUSION
We addressed the challenge of missing labels in multi-annotator
learning through a similarity-weighted semi-supervised framework
that leverages inter-annotator relationships instead of skipping
annotator-specific model parameter updates in case of missing
labels. SimLabel combines soft label generation with a confidence-
based iterative refinement mechanism to dynamically refine inter-
annotator similarity estimates. We also contribute a new dataset,
AMER2, with high and variable missing rates to reflect real-world
annotation sparsity and enable evaluation across different sparsity
levels. Extensive experiments on different datasets and missing
rates validated SimLabel’s effectiveness to address the missing label
challenge. In future work, we plan to extend this framework to
handle dynamic annotator behaviors and explore more complex
scenarios.
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