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ABSTRACT

Recent advancements in machine learning have prompted the development in
human-machine cooperation to leverage the efficiency of machines and the re-
liability of human expertise. One such approach is learning to defer (L2D), where
a model learns to selectively defer decision-making to humans based on their his-
torical performance on labelled data. Traditional L2D methods require the same
set of human experts in both training and deployment phase, so that the system
can leverage their historical performance to allocate queries accordingly. This
human-specific nature, however, renders inflexibility in dynamic real-world envi-
ronments where expert availability can fluctuate due to leave, retirement, or the
integration of new team members. To address this challenge, we propose leverag-
ing anonymously-annotated datasets, which are commonly available in practice,
to infer annotation patterns and cluster human annotators based on behavioural
similarities. Building upon the clustering of human experts, we develop a variant
L2D, known as L2D-Clusters, that defers queries to a cluster rather than a spe-
cific expert, with one expert from the cluster randomly selected to make the final
decision. Empirical results show that our clustering aligns with known annota-
tor behaviour and that L2D-Clusters performs comparably to expert-specific L2D,
especially in onboarding scenarios with limited annotator-identified data.

1 INTRODUCTION

The rapid development of machine learning has led to several solutions to automate complex work-
flows to improve efficiency. While these solutions demonstrate exceptional capacity for processing
a vast amount of information, they can also exhibit limitations, including susceptibility to biases and
diminished reliability when dealing with uncertainty. Learning to defer (L2D) (Madras et al., 2018)
— an extension of learning to reject (Chow, 1957) — has been introduced to address this weakness by
explicitly integrating human experts into the decision-making pipeline. In general, an L2D system
analyses a sample and decides to produce an automated decision or defer to one of the available
human experts. This synergistic approach capitalises on the computational efficiency of machine
learning models while leveraging the reliability of human experts, resulting in an optimal workflow
with a minimal operational cost.

Learning to Defer systems are designed to analyse the training data annotated by human experts to
identify the annotation pattern of each expert. This enables L2D to strategically assign samples to the
experts that are more likely to achieve high predictive accuracy while simultaneously managing op-
erational cost. Crucially, the efficacy of L2D is predicated on the availability of meticulously curated
training datasets where each annotation is explicitly associated with the human expert who pro-
vided it (i.e., the annotator-identified data) (Madras et al., 2018; Mozannar & Sontag, 2020; Verma
& Nalisnick, 2022; Nguyen et al., 2025). Demanding such detailed tracking of experts and annota-
tions may, however, be impractical because of privacy concerns. In addition, many publicly avail-
able datasets often include annotations aggregated from multiple annotators, typically in the form of
summary statistics such as label distributions (e.g., multinomial vectors), with no record of individ-
ual annotator identities, such as Treeversity (https://zooniverse.org/projects/friedmaw/treeversity),
or Galaxy Zoo 2 (Willett et al., 2013). While these anonymously-annotated datasets are abundant
and readily accessible, they are incompatible with standard L2D methods, which rely on explicitly
attributed expert labels to learn individual deferral strategies. As a result, existing L2D approaches
overlook this rich data source entirely. This limitation motivates the development of new methods



capable of leveraging anonymously-annotated data to reduce the annotation burden in training L2D
systems, while retaining the benefits of expert-informed decision-making.

Another notable limitation of existing L2D methods stems from their nature of human-specific de-
ferral (Mozannar & Sontag, 2020; Verma & Nalisnick, 2022; Tailor et al., 2024; Mao et al., 2023;
Nguyen et al., 2025), meaning that exactly the same set of human experts available during training
must also be present at deployment time for the system to function correctly. Such a requirement
poses a significant practical challenge because of real-world fluctuations in personnel due to absence,
retirement, or the onboarding of new annotators. Additionally, such a precise individual deferral is
debatable, considering that human experts highly agree when annotating samples (Nowak & Riiger,
2010). This suggests that the critical factor in L2D lies at the shared annotation characteristics
or competencies of human experts, not their unique identities. It, therefore, motivates developing
L2D further by transitioning from a human-specific deferral mechanism towards a cluster-based
approach, where deferral targets groups of experts who share comparable annotation profiles.

We, therefore, propose a probabilistic framework to address the outlined challenges. Specifically:

* We leverage anonymously annotated data to learn a model capable of clustering experts based
on their annotation behaviours.

* We extend existing L2D methods from a human-specific paradigm to a cluster-based ap-
proach, wherein deferral decisions are made toward groups of experts rather than individuals.

* We also introduce a novel benchmark that simulates the expert onboarding process, wherein
the training set comprises a limited number of expert annotations for evaluation purposes.

Empirical results demonstrate that the proposed expert clustering method exhibits strong alignment
with known behavioural distinctions among annotators across both synthetic and real-world datasets.
Furthermore, evaluations on the newly introduced benchmark reveal that our framework, which
includes expert grouping and cluster-based L2D methods, consistently outperforms existing human-
specific and human-agnostic L2D methods.

2 PROBLEM STATEMENT

Let an anonymously-annotated dataset without ground truth labels be denoted as S =
{(Xn,tn)}Y_;, where x, € X C RP denotes an input sample, and t,, € Tz, = {t,, : t, €
{0,1,...,L,}¢ AN1Tt,, = L, } is a multinomial variable representing the count of annotations
made by L,, human experts over C' categories. For example, t,, = [3 5 O]T denotes the anno-
tations of a 3-way classification (i.e., C' = 3) made by 8 annotators (i.e., L,, = 8), in which three
annotators label x,, as class 1, the other five annotators label as class 2, and none labels as class 3.

In addition, there are M small identified sets made by M human experts, each is denoted as Z,,, =

{(xgm),tg-m))}jy:’"i, m € {1,..., M}, where t;m) € {1,...,C} is the annotation of the instance

xg-m) labelled by the human expert indexed by m, and N,,, < N,¥m € {1,..., M}. In our setting,
we only need an identified set Z,, containing annotations made by the human expert indexed by
m. This identified set is different from context sets used in other studies (Tailor et al., 2024; Strong
et al., 2025), which demand the ground truth associated with each sample.

Our aim is to employ the anonymously-annotated dataset S to learn a model that can cluster annota-
tion patterns into K groups. Such a model can then be used to process each of the small data subset
T, to assign the cluster membership of the human expert indexed by m.

3 METHODOLOGY

3.1 MODEL ANONYMOUSLY ANNOTATED DATA

We employ the inference of population structure (Pritchard et al., 2000) in genetic and genomic
research or the latent Dirichlet allocation (Blei & Jordan, 2003) in topic modelling to model the
data generation process of each sample in the anonymous annotation dataset S. Specifically, one
sample t,,|x,, in our setting is an analogy to one document in topic modelling. Under this analogy,
each anonymous annotation t|x is generated from one of K “topics” or clusters of human experts.
The process to generate anonymous annotations can be described as follows:
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Figure 1: Diagram illustrating the proposed two-stage clustering-based L2D, where the first stage
trains a clustering model on anonymous annotation data (top left part), and the second stage performs
learning-to-defer to clusters of human experts (bottom right part in dash-dotted frame).

1. draw a sample from data distribution: x ~ Pr(x),
2. draw the probability vector of clusters being selected from a Dirichlet prior: u ~ Dir(u|a),
3. each annotation of the sample x is generated as follows:
(a) draw a categorical variable to select a cluster: z ~ Categorical(z|u),
(b) draw an annotation from that cluster: t ~ Pr(t|x, z, (6)f_,) = Categorical(t|h(x;6,)),

where a € Rf is the concentration parameter of the Dirichlet distribution, h(.;6;) : X — Ac_q is
a model, parameterised by 6y, representing human experts belonging to a group indexed by &, with
Ac_1={v:ve€0,1]° A1Tv = 1} denoting the (C — 1)-dimensional probability simplex. The
data modelling can also be visualised as the graphical model shown in Fig. 4 (see Appendix C).

The objective of this modelling approach is to learn the set of parameters (Qk)szl of the clustering
model by maximising the likelihood on the observed anonymous annotation dataset as follows:

N
max g, )k Dot lnPr(tn|xn,a,(€k)§:1). (D

This modelling and objective are almost identical to the Latent Dirichlet Allocation. Readers are
referred to Appendix C for the details of inference of ()%, .

Remark 1 The LDA-based method presented in this section is a variant of the mini-batch based
LDA in (Hoffman et al., 2010). Therefore, the proposed method also benefits from the convergence
analysis in (Hoffman et al., 2010, Section 2.3), where the learning can be considered as a stochastic
natural gradient algorithm (Sato, 2001 ).

Note that the Dirichlet prior parameter « in Eq. (1) controls the sparsity of the inferred clusters
(equivalent to topics in topic modelling) within an annotation set (equivalent to a document) of an
instance. A small value of o promotes a sparse distribution, suggesting that each annotation set of
an instance (or document) is likely to be generated from only a few clusters (or topics). Conversely,
a large value of o encourages a more uniform distribution, implying that the annotation set (or
document) is generated from a broader range of clusters (or topics). In human-annotated data, the
inter-expert agreement is often high (Nowak & Riiger, 2010), making a larger value of « a preferred
choice, as it reflects the consensus among experts and the presence of multiple, correlated clusters.
In our empirical evaluation, we observe that a large value of « leads to the successful inference of
multiple clusters, whereas a small value of « consistently resulted in a single, collapsed cluster.

One potential issue to the LDA-based clustering method is class-imbalanced. In this setting, under-
represented clusters are harder to be estimated, potentially leading to cluster collapse or merging.
To mitigate this, the Dirichlet prior parameter can be increased to encourage a more uniform prior
distribution over clusters, forcing the model to learn all of the cluster equally, and hence, reducing
the risk of collapsing or merging. In our experiments, we set « to a large value (e.g., « > 2), which
also minimises the effect of this issue.



3.2 ASSIGNMENT OF TEST-TIME HUMAN EXPERTS INTO CLUSTERS

At test time, the learnt LDA-based model (i.e., (0;)%_,) will be used to process a small identified

set of data annotated by that human expert, denoted as Z,,, = {(x§-m>7 tgm))}év:’”i. This corresponds
to the on-boarding process of a new human expert in order to infer the probability of cluster mem-
bership of that human. This is equivalent to finding the expected value of the mixture coefficient

u of the graphical model shown in Fig. 4 (Appendix C) over all instances xgm) € Z,,. This clus-
ter assignment can be done by calculating either (i) the expectation of the posterior of the cluster
coefficient, or (ii) the Dirichlet parameter « representing the belief of the cluster assignment u. As
shown in Appendix F, the former approach requires an additional approximation, potentially leading
to higher error. Hence, we decide to follow the latter approach, which is to determine the parameter
of the Dirichlet distribution that generates u. Such a parameter can be obtained by maximising the
likelihood on the observed identified data Z,,, as follows:

al™) = argmax,, Z;V:ml InPr (tém) ’xgm), a, (05K, ) (2)

Please refer to Appendix D.3.2 for the detailed derivation to optimise for a.

We then utilise the distribution of cluster membership Pr(u|a(™)) with (™) obtained in Eq. (2)
and use its mean for a more interpretable representation of the assignment probability as follows:

a" = Pr(cluster(Z,,) = k) ~ o™ /1o, 3)

The probability vector of cluster assignment o™ in Eq. (3) for each of the M test-time human
experts can be stacked column-wise to form a matrix Q@ = [@t)  @® ... @AD] that represents
the clusters of human experts. When performing downstream tasks, such as deferring to the cluster
indexed by k (see Section 3.3), one can simply sample a random human expert with a probability
vector proportional to the k-th row of the cluster matrix €2. The whole procedure of the proposed
method is summarised in Algorithm 1 (see Appendix I).

3.3 LEARNING TO DEFER WITH CLUSTERS OF HUMAN EXPERTS

We consider an L2D setting consisting of an annotated dataset: D = {(x,, (F¢™)M_,, v )},

where x,, € X is an input sample, yﬁf” € Y ={1,...,C} is the annotation made by a human
expert indexed by m € {1,...,M} and y,, € ) is the ground truth label. These human experts
have been assigned to one of the K clusters with their probability of cluster assignment defined in
the matrix (2 (see Eq. (3) and the explanation after that). The aim is to learn an L2D system that can
make an automated prediction, or defer to one cluster and have one random human expert in that
cluster make the final decision. Fig. | provides a visual illustration for this application.

In this view, the desired system is analogous to a two-level hierarchical mixture of experts (Jordan
& Jacobs, 1994), in which the first level corresponds to each of the clusters, while the second level
consists of human experts in each of those clusters. In addition, due to the presence of the classifier
(the only learnable expert), the given cluster assignment probability matrix €2 has to be expanded
from K to K + 1 clusters by adding the classifier into an additional and separated cluster as follows:

a a2 a™M) o
e o e.o@
o 0 ... 0 1] @
where the last column denotes the probability of cluster assignment for the classifier. We then extend

the Probabilistic L2D framework (Nguyen et al., 2025) to a two-level hierarchical mixture of experts
to model the data generation process for K + 1 clusters of experts (human and classifier) as follows:

1. draw a sample: x ~ Pr(x),

2. draw a cluster index: v ~ Categorical(v|g(x;7)),

3. draw an expert’s index from that cluster: w ~ Categorical (w |27€:/17a7s, ),
4. draw an annotation made by that expert: y(*) ~ Categorical(y|f(x; ¢w)),

5. draw a ground truth label: y ~ Categorical (y|y()),



where: g(.;v) : X — {1,..., K + 1} is the gating model, €; is the j-th unit coordinate vector,
and f(.; ¢m) : X — Ac_q is a classification model representing an expert (including the classifier)
indexedby m € {1,..., M +1}. Note that the function representing each human expert, denoted as
f(;0m),Ym € {1,..., M}, is simply a mapping table that returns an annotation y(™) = f(x; ¢,
given an input x. This data modelling approach can visually be illustrated in the graphical model
shown in Fig. 5 (see Appendix G).

The proposed method, named as L2D-Clusters, does not require all human experts to annotate the
same set of training samples, but each cluster must have at least one expert (not necessary the same
expert) with probability greater than zero to annotate each sample. In fact, our proposed frame-
work can be extended to handle “missing annotations” using techniques similar to Probabilistic-
L2D (Nguyen et al., 2025), where unobserved annotations are treated as latent random variables. To
simplify the analysis, clearly isolate our contribution (cluster-based deferral), and ensure fair com-
parison with existing baselines (e.g., most of which assume complete annotations), we assume that
all human experts annotate the same N’ samples to simplify the formulation. Readers are referred
to Appendix G for the detailed formulation and parameter inference of the proposed L2D-Clusters.

Constrain workload assignment for the classifier Without constraining the workload assign-
ment, L2D-Clusters will be biased to defer all the queries to a cluster containing high-performing
human experts, ignoring the classifier. Although such a biased workload distribution results in higher
overall prediction accuracy, it tends to overload one particular cluster, and diminishes the role of the
classifier in the L2D system, resulting in a cost-ineffective solution. Hence, we follow a similar
strategy as Probabilistic-L2D (Nguyen et al., 2025) to impose a constraint to control the workload
distributed to the cluster of the classifier (see Appendix H for further details).

Naively training L2D-Clusters with the standard EM algorithm is computationally prohibitive for
large-scale datasets, as each iteration requires processing the entire training set. To address this,
we adopt the online EM algorithm (Cappé & Moulines, 2009), which enables mini-batch updates
and thus scales efficiently. Online EM maintains an exponential moving average to approximate
the complete-data likelihood, which can be implemented as momentum in gradient descent. Ac-
cordingly, we train L2D-Clusters using SGD with a high momentum. This approach inherits the
convergence guarantees to stationary points established in (Cappé & Moulines, 2009).

4 ONBOARDING L2D BENCHMARK

Most existing studies in L2D adopt a human-specific modelling approach, and consequently, the
associated benchmarks typically rely on large confext datasets in which each expert provides a sub-
stantial number of annotations. While these benchmarks are widely used, they fail to reflect practical
scenarios such as expert onboarding, where annotators typically contribute only a limited number
of samples. Although recent works have explored settings with incomplete or “missing” annota-
tions (Hemmer et al., 2023; Nguyen et al., 2025), their training procedures still assume a sufficiently
large volume of data per expert and typically involve only a small number of experts (usually less
than 5). In contrast, real-world datasets often comprise many experts, each contributing only a
few annotations. Furthermore, most synthetic expert benchmarks in L2D simulate annotation errors
using class-dependent but instance-independent label noise. This modelling assumption is overly
simplistic and does not align with empirical observations, as real-world label noise is frequently
both class- and instance-dependent (Carneiro, 2024).

We, therefore, propose a new benchmark that more accurately reflects real-world annotation dy-
namics. Specifically, synthetic experts are simulated to make annotation errors under a class- and
instance-dependent noise model (Xia et al., 2020). The training set is constrained to a small number
of annotations per expert (e.g., fewer than 200 samples), emulating realistic onboarding conditions.
Additionally, to capture the high inter-annotator agreement observed among human experts (Nowak
& Riiger, 2010), we simulate multiple synthetic experts sharing identical annotation noise rate with
different random seeds, thereby modelling consistent annotation behaviour within expert groups.
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Figure 2: Clustering results on the simulation of 6 synthetic experts on Cifar-100: the numbers
in each column represents the probability of clustering each human expert (x axis) into clusters (y
axis) evaluated on a context set of N’ = 100 samples annotated by the corresponding human expert.
Each human expert is simulated to annotate with 5%, 20% and 35% of mistakes at different random
seeds, following the instance-dependent label noise. Ideally, each pair will be grouped into the same
cluster. Note that the heatmap colour is relatively scaled to enhance the visualisation.

5 EXPERIMENTS

We empirically evaluate the performance of the clustering method presented in Section 3.1 and the
L2D-Clusters proposed in Section 3.3. All the results reported in this section are obtained from the
checkpoint at the last iteration in each training.

5.1 ANALYSIS OF THE CLUSTERING ON ANONYMOUSLY-ANNOTATED DATA

Baselines We consider two baselines: L2D-Pop (Tailor et al., 2024) and EA-L2D (Strong et al.,
2025). These two methods obtain human representation either via learning, as in L2D-Pop, or hand-
crafting, as in EA-L2D. The set of representations of all human experts extracted from these two
baselines are then clustered, and compare with our method presented in Section 3. Specifically,
the whole model of L2D-Pop is trained on the context (i.e., with ground-truth labels) data of all
available human experts to extract the representation of those experts. For EA-L2D, the statistics of
each context set associated with each human expert is summarised via counting, and the mean and
variance of the obtained Beta posterior are used to represent each human expert. The set of repre-
sentations extracted from each baseline is then clustered by the Fuzzy C-Means algorithm (Dunn,
1973; Bezdek, 2013) — a variant of the K-Means algorithm. Note that other clustering algorithms,
such as Gaussian mixture models, may also be used. However, due to the high-dimensional nature
of the representation obtained from these baselines (e.g., in the range of hundreds) coupled with a
small number of samples (e.g., in our setting, the number of human experts is less than 10), learning
full covariance matrices of a Gaussian mixture model is challenging.

Experiment setting We simulate three pairs of synthetic annotators on CIFAR-100, each intro-
ducing 5%, 20%, and 35% annotation errors under class- and instance-dependent label noise. These
annotators are denoted as 5A, 5B, 20C, 20D, 35E, and 35F, where the letter indicates different
random seeds. Our method trains the clustering model on the full training set with anonymous an-
notations. During evaluation, the model assigns clusters based on the identified annotations of each
expert (without ground truth). In contrast, L2D-Pop and EA-L2D use context data to extract expert
representations, which are then clustered using Fuzzy C-Means. Further details are in Appendix J.

Qualitative results The clustering heatmap in Fig. 2 shows that both the baselines, including
L2D-Pop and EA-L2D, fail to group each pair of synthetic human experts into the same cluster,
while our proposed clustering method consistently find the annotation pattern of each pair of syn-
thetic experts. For K' = 2 clusters (top row of Fig. 2), L2D-Pop (Fig. 2a) fails to group the synthetic
expert 35E and 35D together, while EA-L2D (Fig. 2b) misclusters experts 20C and 20D. In contrast,
our method (Fig. 2c) correctly groups experts SA-5B, and 35E-35F, while inferring 20C and 20D as
a mixture of these two groups. For K = 3 clusters (bottom row of Fig. 2), neither baseline achieves
consistent grouping of expert pairs. This outcome is expected: L2D-Pop exhibits poor performance



in low-data regimes (here, N’ = 100 samples) due to its reliance on data abundance, while EA-L2D
assumes class-dependent instance-independent annotation and hence, cannot work with the more
realistic instance-dependent label noise. In contrast, our method (Fig. 2f), although not grouping
expert pairs into perfectly separated clusters, reveals a smooth transition of the cluster assignment
probabilities across pairs. Specifically, Cluster 1 demonstrates the highest association with the syn-
thetic pair 5A-5B, followed by a gradual decrease in association with pairs 20C-20D and 35E-35F. A
similar trend is observed for the remaining clusters. This reflects substantial annotation overlap (ap-
proximate 70% agreement), which introduces ambiguity in forming distinct clusters. Nevertheless,
within each cluster, paired experts exhibit nearly identical probabilities, demonstrating our model’s
ability to capture annotation similarity — a property absent in L2D-Pop and EA-L2D. Appendix K
provides additional results with higher number of clusters.

Quantitative results Given the methodological differ- Table 1: The adjusted Rand index (ARI)
ences between approaches (e.g., baseline methods are and adjusted normalised mutual infor-
distance-based, whereas our approach is distributional mation (ANMI) of the expert clustering.
and likelihood-based), our quantitative evaluation relies
on ground-truth-based metrics, where expert pairs (5A, Method ~ ARI(T) ANMI (T)
5B), (20C, 20D), and (35E, 35F) are treated as reference
clusters. Performance is then measured using the Ad-
justed Rand Index (Hubert & Arabie, 1985) and Adjusted L2D-Pop  -0.0606  -0.0870
Normalised Mutual Information (Vinh et al., 2009). As AE-L2D  0.4444 0.5024
shown in Table 1, our proposed method consistently out- Ours 04444 0.6154
performs the two baselines, despite relying solely on the

identified set of human annotations (without ground-truth) rather than the confext annotation set
(with ground-truth) used by the baselines. This improvement is primarily attributed to the robust
identification of expert pairs, even though these pairs of experts are not perfectly assigned to sepa-
rated clusters.

K = 3 clusters

Number of clusters can be selected through various approaches, such as non-parametric learning
with Dirichlet process (Blei & Jordan, 2004) or hyper-parameter optimisation. For simplicity, we
follow the latter approach by evaluating the perplexity with different number of clusters K on a
hold-out set of anonymously-annotated data and selecting K that minimises perplexity. However,
as perplexity is known to exhibit a tendency toward overfitting, whereby increasing K often leads to
smaller perplexity values regardless of model quality (Chang et al., 2009). To mitigate this issue, we
adopt a heuristic metric known as the rate of perplexity change (Zhao et al., 2015), which identifies
the smallest value of K beyond which further relative reductions in perplexity become marginal.
For example, in the simulation on Cifar-100 with six synthetic human experts, the optimal number
of clusters is determined to be K = 3, corresponding to the point of maximum rate of perplexity
change on the hold-out set (see Fig. 7a). Please refer to Appendix L for further details.

Sensitive analysis on the number of clusters is performed on Cifar-100 with 100 experts and
identified set size of 100 samples and reported as the area under coverage-accuracy curve (AUC-
AC) for different values of K in Table 2(left). Increasing the number of clusters K can indeed allow
the model to capture finer-grained annotation patterns within the anonymously annotated dataset.
However, setting K excessively high introduces redundant clusters whose probabilities remain near
zero across all annotation sets, effectively making them “unused”. Empirically, we observe that
the dataset exhibits an intrinsic cluster structure with Kiyyinsie = 4. Beyond this point, additional
clusters do not contribute with meaningful information, leading to a plateau in performance.

Despite that, fixing K = Kiinsic 1S N0t always optimal, as it may risk overfitting to the training
data. To address this, our paper adopts a principled heuristic based on the rate of perplexity change
(Zhao et al., 2015) evaluated on a held-out set (details in Appendix L). This metric provides a more
robust criterion for selecting K. Importantly, our experiments show that performance remains stable
across a range of K, indicating that the model is relatively insensitive to this hyperparameter.

Sensitive analysis on Dirichlet prior is also performed to quantify clustering stability by com-
puting the average pairwise cosine dissimilarity of the cluster assignment distributions defined in
Eq. (3). This metric captures how dissimilar the cluster membership probabilities are between every
pair of human experts, in which a larger value represents a more diverse clustering. In addition, we
report the AUC-AC score in Table 2(right), which reflects the overall system performance across
coverage—accuracy trade-offs. Further increasing « leads to a plateau in both the pairwise cosine



Table 2: Sensitive analysis on (left) number of clusters K in which the AUC-AC results are stable
at various K, and (right) the Dirichlet prior’s parameter « in which a larger value of o promotes a
more diverse clustering (higher cosine dissimilarity of cluster assignment probability pair).

Ne clusters AUC-AC

2 73.72 £ 1.01 «a Pair-wise cosine AUC-AC (x100 1)
3 74.27 £ 0.99 dissimilarity (1)
4 7400+ 0.99 0.1 0.0002 72.90 + 2.00
5 74.23 + 0.99
0.9 0.0009 73.10 + 1.77
6 74.04 + 1.00
7 7419 + 0.99 2.0 0.0377 74.98 +1.32
3 74'17 n 1'00 10 0.0406 75.07 + 1.06
9 7405 + 0.97 50  0.0422 75.04 + 1.25
10 74.07 + 1.00

similarity and the performance (i.e., AUC-AC). This occurs because a governs the prior cluster dis-
tribution Pr(u|«), whereas the posterior of cluster assignment for the human expert indexed by m
(see Section 3.2), denoted as Pr(u|a, Z,, ), depends on the observed identified set Z,,,. Thus, while a
larger a promotes uniformity of cluster distribution, the posterior Pr(u|«, Z,,,) for the human expert
m does not need to be uniform. If an expert’s annotations strongly favour certain clusters, the pos-
terior will remain skewed toward those clusters despite the prior bias, which results in the plateau in
both the pairwise cosine dissimilarity and AUC-AC.

5.2 LEARNING TO DEFER WITH SMALL CONTEXT SETS

We employ the clustering results obtained in Section 5.1 to train an L2D-Clusters system presented
in Section 3.3, and use the benchmark in Section 4 to evaluate. Our evaluation focuses on the
trade-off between coverage (i.e., inversely proportional to operational cost) and accuracy (i.e., per-
formance) via the coverage - accuracy curves. Coverage computes the percentage of test samples
assigned and predicted by the classifier, while accuracy measures the final prediction.

We report the two variants of our method: one with the “soft” clustering probability, and the other
is its “hard” version, where each human is assigned to only a single cluster (e.g., the probabil-
ity vector is rounded to be a one-hot vector). Here, we use K = 2 when training our clustering
model as it shows the optimal perplexity on the hold-out validation samples. In addition, as the
proposed L2D-Clusters is stochastic in terms of selecting a human expert in a cluster to make de-
cisions, we, therefore, calculate the average prediction accuracy weighted by the assignment prob-
ability of each human expert belonging to the selected cluster: accuracyysp_crusters(Z = k) =

Zn]\f;l Qkm Lgm)—yy, Where: pp, is the probability of expert indexed by m in the cluster indexed
by k can be selected to make decisions (see Egs. (3) and (4)) and 1 is the indicator function. This

additional step is to ensure that our comparison is fair to other methods.

Experiment setting We generate 3 pairs of synthetic experts on Cifar-100 similar to the ones in
Section 5.1. A similar simulation is also applied on the dataset dopanim. For the real-world dataset
Chaoyang, we use the 3 human pathologists provided in the dataset.

Baselines We consider two types of baselines: (i) the conventional human-specific L2D, includ-
ing one-stage (Mozannar et al., 2023; Verma et al., 2023) and two-stage L2D methods (Madras et al.,
2018; Mao et al., 2023; Nguyen et al., 2025), and (ii) methods that can handle the dynamic avail-
ability of human experts between training and testing, including LECODU (Zhang et al., 2024),
L2D-Pop (Tailor et al., 2024). When there are enough training samples: (i.e., N’ is sufficiently
large), the human-specific L2D upper-bounds the performance of the proposed L2D-Clusters. Our
interest is more in the low-data regime (e.g., small context sets with ground-truth labels). For a
fair comparison, we train LECODU directly on anonymous dataset without having the learning to
complement part, and set the deferral to only one random expert. Hence, LECODU in this setting
is equivalent to L2D-Clusters with all human experts uniformly assigned to one cluster. The other
baseline, L2D-Pop, however, can only defer to one specific human at a time. To adapt to the setting
of multiple available human experts at test time, for each sample, we calculate the deferral probabil-
ities of all available human experts, and consider the mode consisting the human with the maximal
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Figure 3: Comparison of coverage - accuracy curves between different the standard L2D methods
(i.e., single-stage and two-stage), L2D-Pop, LECODU and our proposed L2D-Clusters on a variety

of datasets, each with different number of identified/context samples N'.

Table 3: The area under the coverage - accuracy curve (x100) of many L2D methods at different
number of context/identified set sizes with mean and standard deviation.

Cifar-100 (6 experts) dopanim Chaoyang

Context size N’ 100 200 100 200 50 100

One-stage 71.07 +234 7387 +197 6942+ 1.04 6942+ 1.05 87.57+096 87.97+0.94
Two-stage 71.80 +1.55 75.02+1.53 73.35+1.00 74.03+1.00 87.44+0.85 89.31+0.84
LECODU 73.60 =198 7481 +1.72 74.00+1.00 73.67+0.99 86.46+0.85 85.57+0.85
L2D-Pop 73.05+2.65 7059 +2.17 6523+ 152 6508+ 1.52 8581+1.73 86.09+1.70
L2D-Clusters (soft)  75.07 £ 1.06 76.68 +1.05 74.61 £0.72 75.09+0.72 87.81 £0.85 89.69 + 0.83
L2D-Clusters (hard) 76.17 + 1.50 77.31 +£1.48 78.12+0.98 78.20 +0.97 88.51 +0.87 90.09 + 0.85

deferral probability. In addition, the one-stage L2D (Verma & Nalisnick, 2022) and L2D-Pop (Tailor
et al., 2024) do not provide a mechanism to control the coverage. Hence, we can only report a single
point beside the two extreme points of coverages of zero and one. Note that, we do not consider EA-
L2D as a baseline because EA-L2D always assumes a fixed prediction of each human expert over
all samples (Strong et al., 2025, Eq. (4)), resulting in extremely poor human performance, enforcing
the rejector of EA-L2D to defer to the classifier all the time (i.e., zero coverage).

Results  Fig. 3 shows the coverage - accuracy curves of the four baselines and L2D-Clusters on
various datasets, each at different numbers of annotator-identified samples N’. In general, both the
human-specific baselines (one-stage and two-stage) and L2D-Pop overfit to small training context
sets, resulting in low performance. LECODU with its nature of random selection, performs most
likely overlaps with the line connecting the average performance over different coverage values.
In contrast, the proposed L2D-Clusters (both soft and hard) outperforms these baselines, demon-
strating its capability of dealing with real-world annotated datasets when only a small amount of
training samples are associated with the (pseudo) identities of human experts. Note that although
our proposed clustering method presented in Section 3 can handle small N' in its inference, further
reducing N’ makes the training of L2D methods difficult due to the insufficient number of training
samples. For example, Cifar-100 has 100 classes, and hence, theoretically needs at least N/ = 100
samples to train, while for Chaoyang, N’ can be slightly smaller. For larger N’ (see Appendix M),



the performance of L2D-Clusters also improves, but becomes worse than the human-specific one-
stage and two-stage L2D methods. This is expected because at larger N’, the traditional one-stage
and two-stage L2D baselines have enough information about each specific human expert, and hence,
upper-bounds the performance of our L2D-Clusters.

We also report the quantitative results as the area under the coverage - accuracy curve of all the
baselines and our proposed L2D-Clusters. The results in Table 3 show that our proposed L2D-
Clusters out-performs all the baselines, in which the hard version of L2D-Clusters has the highest
performance across all the practical settings when the size of identified/context set, N’, is small.

Large number of human experts We also study the effectiveness of our proposed framework
with large number of experts. Specifically, we simulate a total of 100 synthetic experts on Cifar-
100, each has an error rate varying from 5% to 50%. The results shown in Fig. 9 are consistent
with our previous results, in which our proposed framework, including both LDA-based clustering
and L2D-Clusters, outperforms the baselines and state-of-the-art methods in the onboarding setting
(e.g., small context sets). Please refer to Appendix N for further details.

6 RELATED WORK

As our focus is on the context of L2D, this section is, therefore, dedicated to review related study in
L2D. Readers are referred to Appendix B for the extension of the related work, including clustering
crowdsourced workers as well as consensus labels from crowd.

Learning to defer has recently attracted research interest due to its inherent capability to make
autonomous decisions or selectively defer to a human expert when lacking sufficient confidence
(Madras et al., 2018; Mozannar & Sontag, 2020; Keswani et al., 2021; Verma & Nalisnick, 2022;
Verma et al., 2023; Mozannar et al., 2023; Nguyen et al., 2025). However, a prevalent characteris-
tic among most existing L2D methodologies is their reliance on a human-specific deferral strategy,
which often fails to account for the dynamic availability of human experts encountered in real-world
deployment scenarios, distinct from development environments. To our best knowledge, only Learn-
ing to Defer to a Population (L2D-Pop) (Tailor et al., 2024) and Expert-Agnostic Learning to Defer
(EA-L2D) (Strong et al., 2025) circumvent this limitation by learning the representation of each
human expert following a data-driven (L2D-Pop) or hand-crafted approach (EA-L2D), and training
L2D models conditioned on such representation. Although these human-agnostic approaches in-
crease the flexibility of L2D, both require a sufficient context set containing not only the annotations
by that expert, but also the ground truth associated with each sample. In contrast, our clustering
model presented in Section 3.1 can be trained on anonymous annotation data which is more accessi-
ble in practice. In addition, our proposed clustering approach does not need a context dataset (with
ground truth) per each human expert, but only an identified dataset (without ground truth) to assign
that human expert into one of the clusters. Furthermore, the L2D-Clusters approach developed in
Section 3.3 introduces a cluster-based deferral mechanism and chooses one expert within the group
being selected for the final decision. Such deferral mechanism flexibility enables L2D-Clusters to
readily adapt to diverse real-world scenarios (e.g., absence, retirement or on-boarding), while simul-
taneously demonstrating performance comparable to traditional human-specific L2D methods.

7 CONCLUSION

This paper proposes an LDA-based probabilistic method to uncover annotation patterns among
anonymous annotators, enabling efficient onboarding by clustering new members with minimal an-
notations. We also extend L2D from expert-specific to cluster-based models that defer to groups
of experts. To evaluate this, we introduce a benchmark simulating onboarding with few annota-
tions per expert under instance-dependent label noise. Our LDA-based clustering aligns well with
known annotator performance similarities. On the onboarding benchmark, L2D-Clusters combined
with our clustering method consistently outperforms expert-specific and expert-agnostic L2D ap-
proaches. However, the method faces challenges such as slow convergence due to EM’s nature
and cluster collapse from unbalanced data. Future work should integrate domain knowledge and
advanced techniques, such as Dirichlet processes (Ferguson, 1973; Blei & Jordan, 2004), to learn
more robust models.

10



REFERENCES

Bjorn Barz and Joachim Denzler. Do we train on test data? Purging CIFAR of near-duplicates.
Journal of Imaging, 6(6):41, 2020.

Valerio Basile. It’s the end of the gold standard as we know it: Leveraging non-aggregated data for
better evaluation and explanation of subjective tasks. In International Conference of the Italian
Association for Artificial Intelligence, pp. 441-453. Springer, 2020.

James C Bezdek. Pattern recognition with fuzzy objective function algorithms. Springer Science &
Business Media, 2013.

David M Blei and Michael I Jordan. Modeling annotated data. In ACM SIGIR Conference on
Research and Development in Informaion Retrieval, pp. 127-134, 2003.

David M Blei and Michael I Jordan. Variational methods for the Dirichlet process. In International
Conference on Machine Learning, pp. 12, 2004.

Olivier Cappé and Eric Moulines. On-line expectation—maximization algorithm for latent data mod-
els. Journal of the Royal Statistical Society Series B: Statistical Methodology, 71(3):593-613,
2009.

Gustavo Carneiro. Machine Learning with Noisy Labels: Definitions, Theory, Techniques and Solu-
tions. Elsevier, 2024.

Jonathan Chang, Sean Gerrish, Chong Wang, Jordan Boyd-Graber, and David Blei. Reading tea
leaves: How humans interpret topic models. In Advances in Neural Information Processing Sys-
tems, volume 22, 2009.

Chi-Keung Chow. An optimum character recognition system using decision functions. IRE Trans-
actions on Electronic Computers, pp. 247-254, 1957.

Naihao Deng, Xinliang Frederick Zhang, Siyang Liu, Winston Wu, Lu Wang, and Rada Mihalcea.
You are what you annotate: Towards better models through annotator representations. In ACL
EMNLP, 2023.

J. C. Dunn. A fuzzy relative of the isodata process and its use in detecting compact well-separated
clusters. Journal of Cybernetics, 3(3):32-57, 1973. doi: 10.1080/01969727308546046.

Thomas S Ferguson. A Bayesian analysis of some nonparametric problems. The annals of statistics,
pp. 209-230, 1973.

Patrick Hemmer, Lukas Thede, Michael Vossing, Johannes Jakubik, and Niklas Kiihl. Learning to
defer with limited expert predictions. In AAAI Conference on Artificial Intelligence, volume 37,
pp. 6002-6011, 2023.

Marek Herde, Denis Huseljic, Lukas Rauch, and Bernhard Sick. dopanim: A dataset of doppel-
ganger animals with noisy annotations from multiple humans. In Advances in Neural Information
Processing Systems, volume 37, pp. 51085-51117, 2024.

Matthew Hoffman, Francis Bach, and David Blei. Online learning for latent dirichlet allocation. In
Advances in Neural Information Processing Systems, volume 23, 2010.

Lawrence Hubert and Phipps Arabie. Comparing partitions. Journal of classification, 2(1):193-218,
1985.

Michael T Jordan and Robert A Jacobs. Hierarchical mixtures of experts and the em algorithm.
Neural computation, 6(2):181-214, 1994.

Sanjay Kairam and Jeffrey Heer. Parting crowds: Characterizing divergent interpretations in crowd-

sourced annotation tasks. In ACM Conference on Computer-Supported Cooperative Work & So-
cial Computing, pp. 1637-1648, 2016.

11



Markelle Kelly, Alex Boyd, Sam Showalter, Mark Steyvers, and Padhraic Smyth. Bayesian inference
for correlated human experts and classifiers. In International Conference on Machine Learning,
2025.

Vijay Keswani, Matthew Lease, and Krishnaram Kenthapadi. Towards unbiased and accurate de-
ferral to multiple experts. In AAAI/ACM Conference on Al, Ethics, and Society, pp. 154-165,
2021.

Soda Marem Lo and Valerio Basile. Hierarchical clustering of label-based annotator representations
for mining perspectives. In ECAI Workshop on Perspectivist Approaches to NLP, 2023.

David Madras, Toni Pitassi, and Richard Zemel. Predict responsibly: improving fairness and accu-
racy by learning to defer. In Advances in Neural Information Processing Systems, 2018.

Anqgi Mao, Christopher Mohri, Mehryar Mohri, and Yutao Zhong. Two-stage learning to defer
with multiple experts. In Advances in Neural Information Processing Systems, volume 36, pp.
3578-3606, 2023.

Hussein Mozannar and David Sontag. Consistent estimators for learning to defer to an expert. In
International Conference on Machine Learning, pp. 7076-7087. PMLR, 2020.

Hussein Mozannar, Hunter Lang, Dennis Wei, Prasanna Sattigeri, Subhro Das, and David Sontag.
Who should predict? Exact algorithms for learning to defer to humans. In International Confer-
ence on Artificial Intelligence and Statistics, pp. 10520-10545. PMLR, 2023.

An T Nguyen, Matthew Lease, and Byron C Wallace. Explainable modeling of annotations in crowd-
sourcing. In Proceedings of the 24th International Conference on Intelligent User Interfaces, pp.
575-579, 2019.

Cuong Nguyen, Thanh-Toan Do, and Gustavo Carneiro. Probabilistic learning to defer: Handling
missing expert’s annotations and controlling workload distribution. In International Conference
on Learning Representations, 2025.

Stefanie Nowak and Stefan Riiger. How reliable are annotations via crowdsourcing: A study about
inter-annotator agreement for multi-label image annotation. In International Conference on Mul-
timedia Information Retrieval, pp. 557-566, 2010.

William D Penny. KL-divergences of Normal, Gamma, Dirichlet and Wishart densities. Technical
report, University College, London, 2001.

Jonathan K Pritchard, Matthew Stephens, and Peter Donnelly. Inference of population structure
using multilocus genotype data. Genetics, 155(2):945-959, 2000.

Masa-Aki Sato. Online model selection based on the variational bayes. Neural computation, 13(7):
1649-1681, 2001.

Samuel Showalter, Alex J Boyd, Padhraic Smyth, and Mark Steyvers. Bayesian online learning for
consensus prediction. In International Conference on Artificial Intelligence and Statistics, pp.
2539-2547. PMLR, 2024.

Maciej Skorski. Chain rules for hessian and higher derivatives made easy by tensor calculus. arXiv
preprint arXiv:1911.13292, 2019.

Joshua Strong, Pramit Saha, Yasin Ibrahim, Cheng Ouyang, and Alison Noble. Expert-agnostic
learning to defer. arXiv preprint arXiv:2502.10533, 2025.

Dharmesh Tailor, Aditya Patra, Rajeev Verma, Putra Manggala, and Eric Nalisnick. Learning to
defer to a population: A meta-learning approach. In International Conference on Artificial Intel-
ligence and Statistics, pp. 3475-3483. PMLR, 2024.

Panagiotis A Traganitis and Georgios B Giannakis. Identifying dependent annotators in crowd-
sourcing. In Asilomar Conference on Signals, Systems, and Computers, pp. 1276-1280. IEEE,
2022.

12



Rajeev Verma and Eric Nalisnick. Calibrated learning to defer with one-vs-all classifiers. In Inter-
national Conference on Machine Learning, pp. 22184-22202. PMLR, 2022.

Rajeev Verma, Daniel Barrejon, and Eric Nalisnick. Learning to defer to multiple experts: Consis-
tent surrogate losses, confidence calibration, and conformal ensembles. In International Confer-
ence on Artificial Intelligence and Statistics, pp. 11415-11434. PMLR, 2023.

Nguyen Xuan Vinh, Julien Epps, and James Bailey. Information theoretic measures for clusterings
comparison: is a correction for chance necessary? In International Conference on Machine
Learning, pp. 1073—-1080, 2009.

Maximilian Wich, Hala Al Kuwatly, and Georg Groh. Investigating annotator bias with a graph-
based approach. In Workshop on Online Abuse and Harms, pp. 191-199, 2020.

Kyle W. Willett, Chris J. Lintott, Steven P. Bamford, Karen L. Masters, Brooke D. Simmons,
Kevin R. V. Casteels, Edward M. Edmondson, Lucy F. Fortson, Sugata Kaviraj, William C. Keel,
Thomas Melvin, Robert C. Nichol, M. Jordan Raddick, Kevin Schawinski, Robert J. Simpson,
Ramin A. Skibba, Arfon M. Smith, and Daniel Thomas. Galaxy Zoo 2: Detailed morphological
classifications for 304 122 galaxies from the Sloan Digital Sky survey. Monthly Notices of the
Royal Astronomical Society, 435(4):2835-2860, 09 2013. doi: 10.1093/mnras/stt1458.

Xiaobo Xia, Tongliang Liu, Bo Han, Nannan Wang, Mingming Gong, Haifeng Liu, Gang Niu,
Dacheng Tao, and Masashi Sugiyama. Part-dependent label noise: Towards instance-dependent
label noise. In Advances in Neural Information Processing Systems, volume 33, pp. 7597-7610,
2020.

Zheng Zhang, Wenjie Ai, Kevin Wells, David Rosewarne, Thanh-Toan Do, and Gustavo Carneiro.
Learning to complement and to defer to multiple users. In European Conference on Computer
Vision, pp. 144—162. Springer, 2024.

Weizhong Zhao, James J Chen, Roger Perkins, Zhichao Liu, Weigong Ge, Yijun Ding, and Wen
Zou. A heuristic approach to determine an appropriate number of topics in topic modeling. BMC
bioinformatics, 16(Suppl 13):S8, 2015.

Chuang Zhu, Wenkai Chen, Ting Peng, Ying Wang, and Mulan Jin. Hard sample aware noise robust
learning for histopathology image classification. IEEE Transactions on Medical Imaging, 2022.

13



A DISCLOSURE OF LARGE LANGUAGE MODEL USAGE

Parts of the text in this paper were originally written by the authors and revised by large language
models to improve clarity. The origin of the paper, including conceptualisation, formulation, exper-
iments and conclusion, were carried out by the authors themselves.

B EXTENDED RELATED WORK

Clustering crowdsource annotators methods aim to group human annotators based on the sim-
ilarity of their annotation patterns. Early approaches in this domain, such as crowd-parting (Kairam
& Heer, 2016), simply measured the agreement and disagreement on shared annotated samples
to quantify the similarity of annotators. Subsequent methods have employed more sophisticated
statistical techniques, including Cohen’s kappa and Krippendorff’s alpha coefficients, to assess
inter-annotator agreement and correlation (Wich et al., 2020; Basile, 2020; Lo & Basile, 2023).
These methods, whether based on simple agreement counts or statistical coefficients, rely on over-
lapping set of samples, restricting their applicability in more general scenarios, such as distinct,
non-overlapping subsets of data. More sophisticated modelling approaches based on probabilistic
graphical models have also been proposed to address more complex annotation settings and model
annotator reliability or bias (Nguyen et al., 2019; Traganitis & Giannakis, 2022). These models,
however, assume a fixed set of experts, typically requiring retraining or complex inference pro-
cedures upon changes to the expert pool. Another line of research focuses on directly learning
representations for individual human experts, which can then be used for clustering (Deng et al.,
2023; Tailor et al., 2024). A key limitation of these representation-learning methods is the need of
annotator-identified training data. In contrast to these existing approaches, our clustering method,
detailed in Section 3, operates independently of the annotator-identified data during training. Fur-
thermore, it can effectively utilise any set of annotated samples, irrespective of overlapping set of
samples or the number of annotators per sample. The trained model can subsequently be used to
cluster newly on-boarded annotators directly, without the need of re-training. Such capabilities of
our proposed method offers enhanced flexibility and broader applicability, particularly in scenarios
involving anonymously annotated datasets.

Consensus labels from crowd is another related research topic aiming to elicit ground truth
labels from manual annotations. In particular, these studies require access to identified annotations
of human experts coupled with pre-trained classifiers to produce consensus labels (Showalter et al.,
2024; Kelly et al., 2025). This is distinctively different from our study, in which we employ anony-
mous annotation data to learn a model to cluster human experts.

C DETAILS OF THE PARAMETER INFERENCE FOR THE LDA MODEL

The whole data generation process presented in Section 3 can also be illustrated via the graphical
model shown in Fig. 4.

OO0 @

Figure 4: The graphical model describing the data generation of anonymous annotation t|x, which
is generated from one of K clusters, parameterised by (Hk)szl, with « being a Dirichlet parameter,
u being the random variable representing the probability of selecting a cluster, and z being another
random variable denoting the cluster selected.

N
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To infer the parameters (6))~_; in Eq. (1), we follow the online learning approach for LDA in
(Hoffman et al., 2010). In particular, the Expectation-Maximisation (EM) algorithm is employed
to optimise a lower-bound of the objective function in (1). In that case, the “complete-data” log-
likelihood in Eq. (1) for one sample is defined as follows:

Q (xm tn, (9](;))?:1, (ak)i(zl) = IEq(un,zn|xn,tn704,((9,(:)),61’(:1) [ln Pl“(tn, Zn, un|xn, @, (6‘76)?:1)}
=F In Pr(tn\xn, Z, (Hk)szl) + InPr(z,|u,) + In Pr(un|o¢)] ,

a(Un\Zn [Xn b0, (0 ) [
)

where the superscript 7 denotes the value at the 7-th iteration.

E-step calculates the posterior of the latent variables u and z following the mean-field variational
inference. In particular, the posterior of the two latent variables is assumed to be factorised as
follows:

q(Wp, 2 |Xp, by (9,&7))521) = Dir(u,; pn) H%ll Categorical(znm; Cum )- (6)

The approximate posterior of the two latent random variables u and z can be obtained via the mean-
field variational inference as follows:

(p;km (C:rn)%gl) = ( d“égm;g )KL [q(un7 Zn‘pnv (gnm)%ll) HPr (un7 Z’VL|X7L7 tna «, (0](:))?:1> ] . (7)
Pns(Cnm)pm=1

Readers are referred to Appendix D for the detailed derivation and optimisation of Eq. (7).

M - step maximises the “complete-data” log-likelihood in Eq. (5) w.r.t. (6) ,le as follows:

(O ) = argmax g e /v SN, Q (ot (00) (OIS ). ®

D VARIATIONAL INFERENCE FOR THE LDA-BASED MODELLING

In this section, we provide the detailed derivation to approximate the posterior of the latent random
variables presented in Appendix C. The objective function of the variational inference is rewritten
as follows:

(0" AGs ) = argmin KL [g(w,2lp, Ol Pr(w 2%, 6,07,0) . )
(Px{Cm}%=1)
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The KL divergence on the right-hand side in Eq. (7) can be expanded as follows:

L[ (u z|p, )HPr(u,z|x,t,9(7)’a(r)>}

= [nq u,z|p, () lnPr(u,z\x,t,G(T),a(T)”

= llnq )+ Z In q(zm; Cm) — lnPr<tm|x,zm79(T)) — InPr(zm,|u)

—InPr(ulx, a)] + const.

K
=T (ZPk) —ZlnF(Pk)_Z(pk_l Zﬂy —Y(pk)
k=1 k=1 k=1
M K
+ Z Zka In ka

m= 1I<:K1 o
_ Z Zka Ztmclnfc (x H(T )
m=1 k=1
M K K
=D o |lor) =% [ D
m=1k=1 Jj=1
K K K K
+ Zlnf (a,(;)) —InT <Z aiﬂ) — Z (a,(;) — 1) Y(pr) — 1 ij , 9
k=1 k=1 k=1 j=1

where: T'(.) is the gamma function and ) (.) is the digamma function.

D.1 VARIATIONAL INFERENCE FOR THE PARAMETER OF CATEGORICAL DISTRIBUTION

We minimise the variational-free energy in Eq. (9) w.r.t. each (,,. Note that (,, is a probability
vector, meaning that:

K
D Gk = 1. (10)
k=1

The Lagrangian for (,,,;, can then be written as follows:

C K

I—ka = ka: In ka - ka Z tmc In fc (X; 0](;>) - ka: w(pk) - 1/) Z Pj + )\m Z ij
c=1 j=1

(1 1y

Taking the derivative w.r.t. (,,; gives the following expression:

dLe,.,

C G
] :lnCm/j_Fl_Ztmclnfc (X§93(‘T)) _¢(pj)+1/} ij + A (12)
dGmj

c=1 j=1

Setting the derivative to zero yields the optimal solution as follows:

C

ka X exp Ztmclnfc (X 0 T)) +1/] pj ij . (13)

c=1

16



D.2 VARIATIONAL INFERENCE FOR THE PARAMETER OF DIRICHLET DISTRIBUTION

The variational-free energy for p; can be written as follows:

K K K
=InT (Zm) = InT(px) = Y (pr— 1) |¥ Zpg — ¥(pk)
k=1 k=1 k=1
K K
j=1

k=1

(a—1) ij Y(pk)

+

(] iMa

Il
—

G
+InT | > pi | —InT(p).  (14)

Mww

M
ij w10 [ o=t 3o
m=1
Taking the derivative with respect to py, gives:

d M
Zpg — ¢ (pr) [a—pHZcmk}. (15)

=
Il
—

m=1

Setting the derivative to zero yields the optimal solution as follows:

M
pr=a+ > (k. (16)

m=1

D.3 PARAMETER ESTIMATION

Given the variational posterior of latent variables, g, one can perform the M-step to estimate the
parameters of interest: 6 and «. The log-likelihood in this case is shown in Eq. (5), and hence,
proportional to the lower-bound presented in Eq. (9). In particular, the log-likelihood in this case
can be written as follows:

Q (Xm tn, (91(;))1@ 1 (ek)k 1) = Eq(un,zn|xn,tn7a,(9,(f))kK:1) [ln Pr(tm Zn, un|xn, @, (ek)é(zl)}
=E (K [ln Pr(tn X, Ziy s (Hk)szl) + InPr(z,|u,) + In Pr(un|o¢)}
0 )k=1)

q(Un,2Zn [Xn,tn,0, (0,

M K C
= Z Z ka Z tinc In fc (X; HI(QT))

m=1k=1 c=1
M K
+ Z Z ka Pk Z Py
m=1 k=1
K K K
+InT (Zag)> Zlnf( )JrZ( ) Y(pk) — ¢ ij
k=1 k=1 j=1

a7)

D.3.1 ESTIMATE THE PARAMETER 6

The term of the log-likelihood related to 6 can be written as follows:
N M K

Q[O] Z Z ZCnmetnmc lnfc Xnygk) (18)

nlm. 1k=1

It is then maximised to train the classifiers representing “pseudo-annotators”.

17



D.3.2 ESTIMATE THE PARAMETER «

Similarly, the variational-free energy for « can be expressed as follows:

K K
Q[a] =InT <Z Oék> Zlnl“ ag) + Z ap — 1) Z (pnk) =% anj
n=1 j=1

k=1
19)

The gradient w.r.t. ay;, can be written as follows:
N K
37% =9 Z aj | - Z (k) =% [ D | - (20)
n=1 j=1

The Hessian can then be written as follows:

82
Zaa DY (), 1)

80%80[]

where: ¢’(.) is the trigamma function.

The Newton - Raphson update step for a in the online (i.e., minibatch) setting (Hoffman et al., 2010)
can then be written as follows:

a+—a+(+7)" [V?XLTIVQL, (22)
where: 7y and x are hyper-parameters, and 7 denotes the 7-th iterations.

And since « is vector with all elements being positive, we can use the result in Appendix E to update
with a numerical stability guarantee:

aa exp{ [V2Q - diag(a) + diag(Va@Q)] - VQQ} 23)

E NEWTON - RAPHSON METHOD IN LOG SCALE

In a minimisation problem, the update step of the Newton - Raphson method is as follows:

Xt41 = X¢ — [Vih(x)] !

- Vxh(x)

X=Xt

; (24)

X=X
where: f: RX — R,
When x is non-negative, then we can parameterise it as follows:

x = exp(z). (25)

Due to this change of variable, we have to calculate the gradient and Hessian w.r.t. the new variable
z. The gradient can be obtained via the chain rule as follows:

V.h(x) = V,x - Vih(x) = diag(x) - Vxh(x), (26)
where: diag(x) denotes the diagonal matrix formed by the vector x.

For the Hessian, it may relate to tensor dot product. For simplicity, we use the result in (Skorski,
2019, Corollary 1) as follows:

V2h(x) = [V,x] " - V2h(x) - V,x + V2x - Vyh(x)
———

tensor product between a 3d tensor and a vector

Oh(x OV,
= diag(x) - Vih( ) - diag(x) + Z anX 8ka

= diag(x) - V2h(x) - diag(x

Oh( xadlag Jdiag(x)
+ Z an

= diag(x) - V2h(x) - diag(x) + dlag(x) - diag(Vxh(x)). 27
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The Newton - Raphson update w.r.t. the new variable z can be written as follows:
-1
Zi1 =2 — |[Voh(x)]  V,h(x)
=z, — {diag(x) [Vih(x) - diag(x) + diag(Vxh(x))] }—1 diag(x) - Vxch(x)
= 2~ [V2h(x) - diag(x) + diag(Vxh(x))] " Vxh(x). (28)

Hence, the update for the initial variable x can be written as:

Xep1 = Xt exp{_ [V2h(x) - diag(x) + diag(Vyh(x))] - Vxh(x)}. (29)

F “AVERAGE” DISTRIBUTION WHEN INFERRING THE CLUSTER PROBABILITY

This section details the formulation to calculate the “average” distribution when inferring the cluster
probability of a new human expert given the set of N’ samples annotated by that human expert.
In particular, for each annotated sample (x;,t;),Vi € {1,..., N’, one can apply the LDA model
learnt in Section 3.2 to infer the variational posterior g(u;|x;, t;; p;) = Dir(u; p;). These variational
distributions are then used to find the average distribution presented as follows:

N/
p* = argmin Z KL [Dir(u; p|| Dir(u; p;)] . (30)
[

Given that the Kullback - Leibler divergence between two Dirichlet distributions has a closed-
form Eq. (33), the optimisation to find the average distribution can be written as follows:

N’ K K
= argminZlnF (Z pk> —InT (Z pik>
[ k=1 k=1

K K
+ Y InT(pix) —InT(@y) + (Br, — pir) [¢(@) =¥ [ D e | | - 31)
k=1 j=1
It is simplified to:
K K
p* = argmin N’ [lnl“ <Z pk> - Zln F(pk)]
3 k=1 k=1
N K K
+ > B — i) [P0 = | D | | - (32)
i=1 k=1 j=1

This optimisation can be solved efficiently by employing the gradient descent with projection.

Kullback - Leibler divergence between two Dirichlet distributions According to (Penny,
2001), the Kullback - Leibler divergence between two Dirichlet distributions has a closed-form
as follows:

K K
KL [Dir(a)| Dir(8)] = InT <Z a> —InT (Z ,Bk>
k=1 k=1

K K
+ InT(Br) — InT (o) + (ar — Bi) |vlew) =¥ | D a; ||,
k=1 j=1

(33)
where: T'(.) is the gamma function and v(.) is the digamma function.
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G PARAMETER INFERENCE OF L2D-CLUSTERS

The data modelling of the L2D-Clusters presented in Section 3.3 can also be illustrated via the
graphical model shown in Fig. 5.

The objective function of L2D-Clusters is to learn the gating model’s parameter «y and the classifier’s
parameter ¢ 741 by maximising data likelihood on observed annotated data:

N’ M+1 A
max’Yv¢M+l Zn:l ln Pr(ym Hm:l yglm)‘ Xn, Y, Qv ¢M+1)

Xn, H'f\r{ill y’slyn)7’>/7 Q) + In Pr(yn|xn7 ¢]\l+1)' (34)

N/
= MaXy, ¢,y Donoq NPT (yn

The first term in Eq. (34) learns the gating model g(.;~), while the second term learns the classi-
fier f(.; ¢rr+1). We, therefore, train a classifier on ground truth data, and consider such a trained

classifier as a fixed expert.
@ Q)
v
O+OH-@—+@

M+1

N/

—(

Figure 5: The graphical model of the data generation process of learning to defer to multiple clusters
of human experts (L2D-Clusters) is modelled as a two-level hierarchical mixture of experts, in which
the first level is cluster selection, denoted via the random variable v, and the second level is human
expert selection, denoted via the random variable w.

Due to the presence of latent variables: (i) the index of the cluster being selected v, and (ii) the index
of the expert (either human or classifier) being selected w, evaluating the likelihood in Eq. (34) is
difficult. We, therefore, employ the EM algorithm to optimise. In the EM algorithm, we first define
completed-data log-likelihood as follows:

Qn =

M 40),0) [hlPr(yn,H%:l v v W x,,“fy,Q)} . (35

Pr (Vn yWn ‘xn 5Yn 7Hm,:1 Yn

E step calculates the posterior of latent variables:

Pr (V’Il7 W’Il

M step maximises the completed-data log-likelihood w.r.t. v as: v(7T1) « % Zi\il Qn-

M+1

M+1
Xn, ¥ns || 5'5{7”#“)79> ocPr(yn

m=1

5’51m>7 Wp > PI‘(Wn|Vn, Q) Pr (Vn|xn: ’Y<T>> .

Compare to Probabilistic-L2D (Nguyen et al., 2025), our formulation is simpler because the poste-
riors of both v and w can be obtained exactly in closed-form.

H CONSTRAIN WORKLOAD ASSIGNMENT (OR POSTERIOR OF LATENT
VARIABLES) TO HUMAN EXPERTS

As mentioned in Section 5.2, instead of constraining on the clusters of experts, we constraint the
workload assignment over all experts in all the clusters. The purpose is to have a fair comparison
with the baselines.
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The constrained optimisation to control workload across all experts (including both human and the
classifier) can be written as follows:

N’ M+1
{¢* (VmWn)}n 1= argmln— ZKL (Vn, Wp) ||Pr <vn,wn X, Vs H tg”),'y(T),Q>
n=1 m=1

s.t.: eljﬁzz (Vi Wi) =< 4.

n=1v,=1

(36)

We apply the Lagrangian to solve the constrained optimisation in Eq. (36). The Lagrangian of the
constrained optimisation can be written as follows:

1 N M+1
L= 57 2_ KL [a(va, wn) Pr(‘fmwn Xn,¥ns || tgf”%%”ﬂ)
n=1 m=1

N K
—|—/\;r %qu(vn,wn)—su +)\l‘r El——zz q(Vi, W)

n=1v,=1 n=1v,=1

N K M+1

N/ZZ Z q(Vi, W) [lnq(vn,wn) lnPr<vn,wn

n=1zp,=1w,=1

L MoK 1 YK
+/\I WZZQ(VTHWTL)*EU ‘FAZT 5l*ﬁZZQ(V"’W") ’

M+1
Xn: Yo | [ t%””ﬁ‘”ﬂ)]

m=1

n=1v,=1 n=1v,=1
(37)
where: A, and A; € Rf +1 are the Lagrange multipliers.
Taking the derivative w.r.t. each element in the matrix ¢(v,, = k,w,, = m) with k € {1,..., K}
and m € {1,..., My} gives:
oL
9q(vn =k, Wy, =m)
1 M+1
= lng(v, =k,w, =m) — lnPr<vn =k,w, =m|X,,¥Vn, H tgf”),fy(T),Q>
m=1
+1+ )\um - Alm] . (38)
Applying the KKT condition gives:
oL ~0
9q(vy, = k,w, =m)
M+1
< ng(v, =k, w, =m) — lnPr(vn =k, W, =m|Xp,,Yn, H tgm),’y(T),Q>
m=1
+1+Aum_Alm =0
M+1
< ng(v, =k,w, =m) x lnPr<vn =k, W, =m|X,,Vn, H t;m),w(T),Q>
m=1
Or:
& 1 PI‘(Vn = k,Wn =m XnaanHf\r{Jrll t(nl) 7( )’Q> 40
Q(Vn - 7W7L - m) - Z(Au7Al) eXp(/\um _ Alm ) b ( )
where: Z (A, A;) is the normalisation constant defined as follows:
K M+1 Pr(vn =k w,=m xn,yn,]_[MHtgI A/(T),Q)
ZAuX) =3 ) 41)

k=1 m=1 exp()‘um - )\lm + 1)
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Substituting ¢(v,, = k, w,, = m) obtained in Eq. (40) into the Lagrangian in Eq. (37) gives:

N' K M+1

= ZZ 3" ava = kowo =m) [~ 10 Z(Aw M) = Aum + At — 1]

n=1k=1 m=1
N' K M+1

Z Z Z um Alm (Vn =k,w, = ) AumEum + AimEim- 42)

n=1k=1m=1

N/
= Ne,+Ne-1- Zan s N)

n=1

N’ K M+1 Pr( = kawn =m Xnvyn7HMj1 tszm)»“/(T),Q)

:—)\Ieu—k)\;—al—l——zmzz m

n=1 k=1 m=1 exp()\um a )\lm + 1)
(43)
According to the duality, the Lagrange multipliers A, and A; can be obtained by maximising the
Lagrangian, which is equivalent to the following:
XOAF = argmin Al e, — Ae; + 1
Au,Ai >0

N’ K M+1 Pr(vn =k,w,=m Xn,yn,HM+1t£l ),7(7) Q)

Z lnz Z exp(Aum — Aim + 1)

n=1 k=1 m=1

(44)

The optimisation can then be obtained by applying an off-the-shelf optimisation solver, such as
non-negative projection.

I ALGORITHM TO CLUSTER HUMANS ON ANONYMOUS ANNOTATION DATA

Algorithm 1 Learning to defer with anonymous annotation data

1: procedure MODEL-ANONYMOUS-ANNOTATION-DATA(S = { (X, t,)}N_;, a, K)

2: > X, input sample <
3 > t,,. multinomial vector of anonymous annotations <
4: >« the concentration parameter of the Dirichlet prior N
5: > K: number of clusters N
6 initialise K parameters (6.")X

7 forr€{0,...,7—1} do > a total of T iterations
8 forn e {1,...,N} do

9:  E-step: (p%, (¢,n)Mm ) < min VARIATIONAL FREE ENERGY > Eq. (7)
10: calculate “complete”-data log-likelihood: (xn, tn, (91(;)),?:1, (Hk)szl) > Eq. (5)
11: M-step: (07K « argmax g, i /N S0y By [InPr(tn[xn, 20, (0)5,)] . & Eq. (8)
12: | return (9,(€ ))k:1
13: procedure INFER-CLUSTER-ASSIGNMENT-PROBABILITY(S', , (0))5_,)

14: > S8’ a small set of data annotated by a human expert N
15: >« an initial value of Dirichlet concentration parameter N
16: > 0 parameter of each “cluster” component N
17: o + argmax,, EnN:1 In Pr(t] %), a, (0T)E ) > Eq. (2)
18: calculate cluster-assigned probability: @ « @’/17 o’ > Eq. (3)
19: L returnw
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J DATASETS AND HYPER-PARAMETERS

J.1 DATASETS

Cifar-100 consists of 50,000 training and 10,000 testing images which are grouped into 20 super-
classes. Each of these superclasses consists of 5 sub-classes, making up a total of 100 classes for
the whole dataset. We follow the approach of (Hemmer et al., 2023; Nguyen et al., 2025) to syn-
thetically generate three pairs of experts, each exhibiting instance-dependent label noise (Xia et al.,
2020). In particular, each synthetic expert in one pair would mis-classify with an error of 5, 20 and
35 percent. The reason for these error rates is to ensure that synthetic human performance is still
higher than a classifier (the accuracy of the classifier is approximately 67 percent). And because the
original Cifar-100 testing set has about 10 percent of duplications or almost-duplications to the ones
in the training set, we employ ciFAIR-100 (Barz & Denzler, 2020), which replaces those duplicated
images by ones that belong to the same classes sampled from the ImageNet dataset.

dopanim is a small subset of the notorious dataset iNaturalist. The dataset consists of 15,750 ani-
mal images of 15 classes, grouped into four groups of doppelganger animals and collected together
with ground truth labels (Herde et al., 2024). The dataset is split into a training subset consisting
of 10,500 images, and a validation subset consisting of the remaining images. We follow a similar
strategy in Cifar-100 to simulate three pair of human annotators, each pair classifies with a mistake
of 5, 20 and 35 percent, respectively.

Chaoyang is pathology image dataset of colon patches obtained from the Chaoyang hospital in
China (Zhu et al., 2022). It consists of 4,021 samples for training and 2,139 samples for testing.
Three professional pathologists provide annotations over four categories: normal, serrated, adeno-
carcinoma, and adenoma with the ground truth labels obtained via the majority vote of the three
annotations. The performance of the three pathologists are 91, 87 and 99 percent accurate when
considering majority vote as the ground truth.

J.2  EXPERIMENT SETTING

In general, we follow the same experiment settings in previous L2D studies (Nguyen et al., 2025) to
evaluate our proposed methods.

Anonymous and identified subsets For each dataset, we randomly split the training set into train-
ing and validation. In particular, in Cifar-100, we use 40,000 samples for training, while preserving
10,000 samples as either the context set for L2D-Pop and EA-L2D or identified set for our method.
In Chaoyang, we randomly sample 500 samples without replacement to be the context/identified
set. The remaining samples are used as anonymously-annotated data to train the LDA-based model.
During the evaluation, we randomly select N/ samples out of those hold-out samples as annotator-
identified data to (i) infer the cluster probability for each expert, and (ii) perform L2D-Clusters.

Models Preact-Resnet-18 is used on the dataset Cifar-100, while the conventional Resnet-18 is
used on the datasets dopanim and Chaoyang.

Hyper-parameters For batch size, we use 128 samples on Cifar-100, and 32 samples on
Chaoyang and Dopanim and optimise via stochastic gradient descend with a momentum of 0.9 and a
learning of 0.001 decayed through a cosine annealing for 150 epochs, resulting in approximately 1.2
GPU-hour when running on one Nvidia GPU A6000. For the LDA-based clustering model, due to
the large overlapping between the clusters of human experts (most humans annotate similarly except
few cases), the Dirichlet concentration prior o must be large to avoid collapsing, in which any expert
will be assign to the same cluster. In the experiment, we set o« = 50 for the all the datasets.

K ADDITIONAL CLUSTERING RESULTS

We provide additional clustering results on Cifar-100 with K € {4, 5} clusters in Fig. 6. In general,
L2D-Pop and EA-L2D assign every synthetic human experts into the available clusters with high
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confidence, although the assignment may not agree with the simulation. In contrast, our results in
Figs. 6¢ and 6f consistently assign synthetic experts SA and 5B into one group, and 35E and 35F
into another group, while having high uncertainty assigning the remaining pair of synthetic experts
20C and 20D. Furthermore, the proposed LDA-based clustering method does not enforce to use up
all the available clusters, but only a few clusters needed.

3
3

Cluster index
Cluster index

Cluster index
2

2

5A 5B 20C 20D 35E 35F 5A 5B 20C 20D 35E 35F 5A 5B 20C 20D 35E 35F
Human index Human index Human index
(a) L2D-Pop- K = 4 (b) EA-L2D - K = 4 (c)Ours - K = 4

Cluster index
Cluster index
Cluster index

5A 5B 20C 20D 35E 35F 5A° 5B 20C 20D 35E 35F 5A 5B 20C 20D 35E 35F
Human index Human index Human index
(d)L2D-Pop- K =5 (e)EA-L2D-K =5 (H)Ours- K =5

Figure 6: Additional clustering results on Cifar-100 with the context/identified set size of N/ = 100
samples, in which the numbers in each column represent the probability of cluster assignment for
each synthetic expert. Note that the colour in each heatmap is relatively scaled to enhance the
visualisation.

L DETERMINE THE NUMBER OF CLUSTERS

We follow a similar data-driven approach in topic modelling to determine the optimal number of
clusters. In particular, we calculate the perplexity of the hold-out anonymous annotated data, and
select the setting that has the smallest perplexity score, indicating better generalisation performance.

The perplexity in our case is modified accordingly, in which it is the likelihood of the hold-out data:
B ZLS:V“'ll In Pr(tn |xp, «, (9,’;)5:1)
S 1T,

The smaller the perplexity, the better fit our model is to the data.

perplexity (Sya) = exp( (45)

We train several LDA-based models with different number of clusters K on the dataset Cifar-100
and plot the perplexity evaluated on a hold-out validation set in Fig. 7.

To select the optimal number of clusters K, we employ the heuristic metric rate of perplexity change
(RPC) in (Zhao et al., 2015) defined as follows:

P —P_

—_— 46
Lo — L.l (46)

RPC; = ’

where: P; is the perplexity evaluated with L; clusters.

The optimal number of clusters is selected as the smallest number of clusters that give the highest
relative improvement:
K* = min argmax RPC;. 47

3
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Figure 7: Perplexity (smaller is better) on the hold-out validation set of the dataset Cifar-100.

Hence, the optimal number of clusters for the setting of Cifar-100 with 6 and 100 synthetic experts

are K = 3, and K = 4, respectively.

M ADDITIONAL L2D RESULTS

We provide additional results on L2D with a larger number of identified/context samples and show
in Fig. 8. In this setting, the conventional human-specific L2D methods (i.e., one-stage and two-
stage) have sufficient number of identified/context data to defer the decision to the most suitable
experts (either human or classifier), and hence, upper-bound the performance of the remaining base-

lines and our method.

- A - Human-specific one-stage L2D B LECODU —@— L2D-Clusters (soft)
Human-specific two-stage L2D -4--L2D-Pop 4> L2D-Clusters (hard)
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(a) Cifar-100 - 10k samples
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(c) Chaoyang - 2,000 samples

Figure 8: Additional results of coverage - accuracy curves on three datasets at a large number of
identified/context samples.

N EXPERIMENT ON LARGE NUMBER OF EXPERTS

To evaluate our proposed framework including both the LDA-based clustering and L2D-Clusters on
a large number of experts, we simulate a total of 100 synthetic experts on Cifar-100. In particular,
a total of 10 sets of synthetic experts is simulated, where each set consists of 10 synthetic experts
having the same error rate in the set {0.05,0.1,0.15,...,0.5}. After performing the clustering on
different number of clusters shown in Fig. 7b, K = 4 clusters is selected to train an L2D-Clusters
system. We follow a similar setting presented in Section 5.2 for the evaluation.
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Figure 9: The accuracy - coverage curves of different methods evaluated on different sizes of the

context sets in the setting consisting of 100 synthetic experts simulated in Cifar-100.

The results in Fig. 9 generally agree with our previous results evaluated on 6 synthetic experts.
Specifically, our proposed L2D-Clusters method outperforms the baselines and state-of-the-art
methods in the onboarding setting, where the context set size N’ is small, such as N’ = 100 as
in Fig. 9a and N’ = 200 as in Fig. 9b. In these cases, both the soft and hard variants of L2D-
Clusters outperform the baselines and existing methods by large margins. The performance of both
one-stage L2D and L2D-Pop is significantly degraded, in which the prediction accuracy of the clas-
sifier integrated into their model is below 10 percent. This is mainly due to their single-stage nature
making the integrated classifier and the gating model overfit to the small number of context set.
The two-stage L2D baseline performs better than the two-stage-like methods due to its modularity
using a classifier trained on ground truth data, but its performance is even worse than the random
selection LECUDO method. However, when the context set size is large, such as N’ = 10,000 as
in Fig. 9c, there is sufficient amount of data to identify the characteristics of each expert, and hence,
the single-stage and two-stage L2D methods perform better than L2D-Clusters, at least better than
L2D-Clusters soft, due to their human-specific nature.
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