Revisiting Hierarchical Text Classification: Inference and Metrics

Roman Plaud'?, Matthieu Labeau’!, Antoine Saillenfest?>, Thomas Bonald!
! Institut Polytechnique de Paris
2 Onepoint, 29 rue des Sablons, 75016, Paris, France
{roman.plaud, matthieu.labeau, thomas.bonald}@telecom-paris.fr
a.saillenfest@groupeonepoint.com

Abstract

Hierarchical text classification (HTC) is the
task of assigning labels to a text within a struc-
tured space organized as a hierarchy. Recent
works treat HTC as a conventional multilabel
classification problem, therefore evaluating it
as such. We instead propose to evaluate mod-
els based on specifically designed hierarchical
metrics and we demonstrate the intricacy of
metric choice and prediction inference method.
We introduce a new challenging dataset and we
evaluate recent sophisticated models against a
range of simple but strong baselines, includ-
ing a new theoretically motivated loss. Finally,
we show that those baselines are very often
competitive with the latest models. This high-
lights the importance of carefully considering
the evaluation methodology when proposing
new methods for HTC. Code implementation
and dataset are available at https://github.
com/RomanPlaud/revisitingHTC.

1 Introduction

Text classification is a long-studied problem that
may involve various types of label sets. In par-
ticular, Hierarchical Text Classification (HTC) in-
cludes labels that exhibit a hierarchical structure
with parent-child relationships. The structure that
emerges from these relationships is either a tree
(Kowsari et al., 2018; Lewis et al., 2004; Lyubinets
etal., 2018; Aly et al., 2019; Sandhaus, 2008) or a
Directed Acyclic Graph (DAG) (Bertinetto et al.,
2020). Each input text then comes with a set of
labels that form one or more paths in the hierarchy.
A first crucial challenge in HTC lies in accurately
evaluating model performance. This requires met-
rics that are sensitive to the severity of prediction
errors, penalizing mistakes with larger distances
within the hierarchy tree. While pioneering ef-
forts have been made by Kiritchenko et al. (2006),
Silla and Freitas (2011), Kosmopoulos et al. (2014)
and Amigo and Delgado (2022), evaluation in the
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Figure 1: Extract of the taxonomy of our new dataset
Hierarchical WikiVitals. Each colored path is the set of
labels of the same color.

context of hierarchical classification remains an
ongoing research area.

There is a substantial body of literature ad-
dressing HTC. The most recent methods produce
text representations which are hierarchy-aware, as
they integrate information about the label hierar-
chy (Song et al., 2023; Zhou et al., 2020; Deng
et al.,, 2021; Wang et al., 2022b,a; Jiang et al.,
2022; Chen et al., 2021; Zhu et al., 2023, 2024;
Yu et al., 2023). However, we believe that the eval-
uation of these models has been insufficiently in-
vestigated: in those works, the task is evaluated as
standard multi-label classification. Here, we plan
to explore what this implies; especially, looking
at how predictions are inferred from an estimated
probability distribution — which we consider an
under-addressed challenge. We provide new in-
sights, emphasizing the intricacy of inference and
evaluation, which cannot be considered separately.
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To complete this investigation, we introduce a new
English benchmark dataset, Hierarchical WikiVi-
tals (HWYV), which we intend to be significantly
more challenging than the usual HTC benchmarks
in English (see Figure 1 for an extract of the taxon-
omy). We experiment within our proposed frame-
work, verifying the performance of recent models
against simpler methods, among which loss func-
tions (Bertinetto et al., 2020; Vaswani et al., 2022;
Zhang et al., 2021) we design to be able to integrate
hierarchical information, based on the conditional
softmax. Overall, our contributions are:

1. We propose to quantitatively evaluate HTC
methods based on specifically designed hierar-
chical metrics and with a rigorous methodology.

2. We present Hierarchical WikiVitals, a novel
high-quality HTC dataset, extracted from
Wikipedia. Equipped with a deep and complex
hierarchy, it provides a harder challenge.

3. We conduct extensive experiments on three pop-
ular HTC datasets and HWYV, introducing a
novel loss function. When combined with a
BERT model, this approach achieves competi-
tive results against recent advanced models.

Our results show that state-of-the-art models do not

necessarily encode hierarchical information well,

and are surpassed by our simpler loss on HWV.

Problem definition

Hierarchical Text classification (HTC) is a subtask
of text classification which consists of assigning
to an input text z € X a set of labels Y C ),
where the label space ) exhibits parent-child re-
lationships. We call hierarchy the directed graph
H = (V,E), where £ C V? is the set of edges,
which goes from a parent to its children. We re-
strain our study to the case where H is a tree. We
follow the notations of Valmadre (2022) and call
r € )Y the unique root node and L the set of leaf
nodes. For anode y € )\{r} we denote 7(y) its
unique parent, C(y) C ) the set of its children and
A(y) the set of its ancestors (defined inclusively).

A label set Y of an input = cannot be arbitrary:
if y € Y then, due to the parent relations, we
necessarily observe that A(y) C Y. An even more
restrictive framework is the single-path leaf labels
setting, where Y = A(l) foragivenl € L (Y isa
single path and reaches a leaf).

We study methods mapping an input text = to a
conditional distribution P(-|x) over )/, whose esti-

mation is denoted P(-|z). Lastly, what we call in-
ference rule is the way of producing a set of binary
predictions from a probability distribution. For ex-
ample predictions can be obtained by thresholding
P(-|z) to 7 as follows : Y; = {y € V,P(y|z) >
T}

2 Related Work

2.1 Hierarchical Text Classification

Hierarchical classification problems, including the
particular case of HTC, are typically dealt with
through either a local approach or a global one. We
refer to the original definition made by Silla and
Freitas (2011) according to which the difference be-
tween the two categories lies in the training phase.
Indeed, local methods imply training a collection
of specialized classifiers, e.g. one for each node,
for each parent node or even one for each level;
and during its training each classifier is unaware
of the holistic structure of the hierarchy (Zangari
et al., 2024). While often computationally costly,
it has proven to be effective to capture crucial lo-
cal information. Along those lines, Banerjee et al.
(2019) propose to link the parameters of a parent
classifier and those of its children, following the
idea of transferring knowledge from parent nodes
to their descendants (Shimura et al., 2018; Huang
et al., 2019; Wehrmann et al., 2018). Conversely,
global methods involve a unique model that directly
incorporates the whole hierarchical information in
their predictions. There exist very different types
of global approaches, from which we can draw two
broad categories: losses incorporating hierarchical
penalties and hierarchy-aware models.
Hierarchical penalties. The idea of these meth-
ods is generally to use a standard binary cross-
entropy (BCE), and add penalization terms that
incorporate hierarchical information. Gopal and
Yang (2013) and Zhang et al. (2021) propose regu-
larization based on hypernymy, either acting on the
parameter space or the outputted probability space,
while Vaswani et al. (2022) introduce an enhanced
BCE loss, named CHAMP, which penalizes false
positives based on their distance to the ground truth
in the hierarchy tree.

Hierarchy-aware models. To incorporate the
structural constraints of the hierarchy into predic-
tion, Mao et al. (2019) propose a reinforcement
learning approach, while Aly et al. (2019) intro-
duce an architecture based on capsule networks.
However, recent works have achieved state-of-the-
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art results by combining a text encoder with a struc-
ture encoder applied to the label hierarchy. This
concept was first introduced by Zhou et al. (2020),
who utilized graph convolution networks as the
hierarchy encoder. Building on this foundational
work, Jiang et al. (2022) and Wang et al. (2024)
developed methods to better incorporate local hier-
archy information. Wang et al. (2022a) proposed
a contrastive learning approach, while Zhu et al.
(2023) designed a method to encode hierarchy with
the guidance of structural entropy. Zhu et al. (2024)
combined both of these ideas. These developments
follow earlier works on the same concept (Chen
et al., 2020; Zhang et al., 2022; Deng et al., 2021;
Chen et al., 2021; Wang et al., 2021). It is impor-
tant to note that these models are typically trained
with a BCE loss or one of its penalized versions
(Zhang et al., 2021).

2.2 Hierarchical prediction

Making a prediction in HTC involves two seem-
ingly irreconcilable difficulties: one has to decide
between making independent predictions, which
may lead to coherence issues (e.g., predicting a
child without predicting its parent), or employing
a top-down inference approach, which may cause
error propagation issues (Yang and Cardie, 2013;
Song et al., 2012). Recent hierarchy-aware models
predominantly operate within the former frame-
work, training and evaluating the model as a simple
multi-label classifier, at the price of ignoring poten-
tially badly structured predictions. In this work, we
will experiment with both approaches.

2.3 Hierarchical classification evaluation

Evaluation in the context of hierarchical classifi-
cation is a long-studied problem (Kosmopoulos
etal., 2014; Amigo and Delgado, 2022; Costa et al.,
2007) from which arise multiple questions. First,
diverse setups exist, implying different assump-
tions on the labeling structure: while we previously
introduced the single-path leaf label framework,
multi-path hierarchies exist, or even inputs with
only non-leaf labels. It is therefore important to
design metrics that are agnostic to the hierarchi-
cal classification framework. Then, a hierarchical
metric must indeed be hierarchical. This means it
should take into account the severity of an error
based on the known hierarchy: intuitively, predict-
ing a Bulldog instead of a Terrier should be less
penalized than predicting a Unicorn instead of a
Terrier. Amigo and Delgado (2022) identify a set

of properties an evaluation metric should possess
for hierarchical classification, and classifies them
in a taxonomy of metrics differentiating between
multi-label metrics (label-based, example-based,
ranking-metrics) and hierarchical metrics (pair-
based, set-based). We heavily rely on this seminal
work when it comes to choose which metric to
use to evaluate different methods. Finally, the in-
ference rule should be chosen in accordance with
the metric. The bayesian decision theory literature
(Berger, 1985) aims at finding an optimal rule given
the metric of interest. However, little consideration
was given to this issue in the context of hierarchi-
cal classification and ad hoc and non-statistically
grounded inference methodology are often chosen:
for example, recent HTC literature mostly performs
inference through thresholding the estimated prob-
ability distribution with 7 = 0.5. We can think of
other inference methodology, based on top-down
or bottom-up inference rules. It is then crucial
to find metrics that either come with a properly
grounded prediction rule, or do not depend on
an inference methodology but rather account for
the whole probability distribution, which implies
evaluating at different operating points. In the next
part, we will re-introduce metrics in the light of the
three listed requirements.

3 Evaluation metrics

The aforementioned inference rule used in recent
HTC literature corresponds to a classical multi-
label evaluation methodology: computing a F1-
score (micro and macro) with 7 = 0.5. In what
follows, we show that this thresholding scheme is
suboptimal and we introduce the metrics we use in
our experiments. We will then motivate the use of
an inference-free evaluation methodology.

3.1 Multi-label metrics

There is a large array of methods for multi-label
evaluation; Wu and Zhou (2016), through unifying
notations, proposed a set of 11 different metrics.
Among them, we keep the micro and macro F1-
score computed upon scores obtained through a
0.5 threshold, as it is generally done in HTC lit-
erature. We add a simple metric corresponding to
the fraction of misclassified labels: the Hamming
Loss, which we also couple to a 0.5 thresholding
inference rule.!

'This optimal inference holds in case of label indepen-
dence (Dembczyniski et al., 2012) which is not the case here.

233



3.2 Hierarchical metrics

We introduce hF1-score which we identify to be
relevant to our evaluation framework. We note that
a prediction is coherentif z € Y = A(z) C Y.

Hierarchical F1-score. Introduced by Kir-
itchenko et al. (2006), this set-based measure con-
sists in augmenting Y with all its ancestors as fol-
lows :
Yae = U A(j) (1)
gey
And to compute the hierarchical precision, recall
and F1-score are as follows :

‘Ya“gﬂY‘ ’Y"‘“ng‘
hP(Y, V)= Ihr(y, V)= 1
Y|
. 2.hP(Y,Y) -hR(Y.Y
hF1(Y,Y) = (Y,Y) - hR(Y, Y)

hP(Y,Y) +hR(Y,Y)

It is a simple extension of the F1-score to hierarchi-
cal classification. In the multi-label setting, there
are several methods of aggregation to compute a
global Fl-score?>. We define here a per-instance
hF1-score as per Kosmopoulos et al. (2014) which
is then averaged over all inputs (referred as sam-
ples setting). In its very first introduction, it was
defined in a micro fashion by Kiritchenko et al.
(2006) (see Appendix C.2 Plaud et al. (2024) for
full definitions).

Proposition 1 In micro and samples settings, if
every prediction Y is coherent, then hF'l and F1
are strictly equal.

Motivations. Hierarchical F1-score considers an
ancestor overlap between ground truth and pre-
dicted labels therefore accounting for mistake
severity and is also agnostic to the hierarchi-
cal classification framework. Moreover, Propo-
sition 1 (whose proof is detailed in Appendix C.2
Plaud et al. (2024)) draws a link between example-
based multi-label metrics and set-based hierarchi-
cal metrics proving that it was therefore relevant to
employ the micro Fl-score as it is done in recent lit-
erature, as long as predictions are coherent. Finally,
hF1-score incorporates all desirable hierarchical
properties as listed by Amigo and Delgado (2022),
except that it does not completely capture the speci-
ficity (i.e the level of uncertainty left by predicting
a given node).

2See for example the Scikit-learn documentation.

Figure 2: Example of a conditional distribution esti-
mation over a simple hierarchy and corresponding pre-
dicted nodes (in blue) for different thresholds (0.3 on
the left, 0.5 on the right).

Other hierarchical metrics. As explained in pre-
vious section, hF1-score is imperfect as it assumes
an equivalence between depth and specificity. To
solve this issue, Valmadre (2022) has proposed
an information-based hierarchical F1-score, intro-
duced in Appendix A (Plaud et al., 2024). There
also exist constrained versions of multi-label F1-
scores (Yu et al., 2022; Ji et al., 2023) which ac-
count for coherence issues: a correct prediction for
a label node is valid only if all its ancestor nodes
are correct predictions.

Although these metrics might seem pertinent, we
have chosen not to utilize them, as they do not
globally influence the ranking of methods when
compared to their standard metric counterparts.
We thoroughly detail our reasons in Appendix A
(Plaud et al., 2024). An important number of
context-dependent hierarchical metrics were also
introduced (Sun and Lim, 2001; Bi and Kwok,
2015), which we will not discuss here as we aim for
agnosticism to the hierarchical classification con-
text.

3.3 Inference methodology

In this section, we begin by motivating our argu-
ment against the practice of using a BCE-based loss
and 7 = 0.5 to produce predictions. While this cor-
responds to minimizing the multilabel Hamming
loss in case of label independence (Dembczyfiski
et al., 2012), there is to the best of our knowledge
no evidence of the optimality of such a predictor
in a hierarchical setting. Rather, tools such as risk
minimization can provide a way to obtain a statisti-
cally grounded inference methodology optimizing
the chosen metric, from an estimation of P(-|x), ob-
tained by a model for a given x. In particular, it is
possible to show that the optimal threshold for the
Fl-scores depends on P(:|z); we detail the proof
in Appendix C.1.2 (Plaud et al., 2024). Though, a
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simple counter-example is enough to invalidate the
choice of 0.5: such an example is depicted in Fig-
ure 2. It shows a coherent and exhaustive probabil-
ity distribution P(+|z), for a given . Thresholding
to 0.5 would lead to predict {1}, while a simple
computation, detailed in Appendix C.1 (Plaud et al.,
2024), gives:

E[MFL(Y,{1})|X = 2] = 0.5
E[LFL(Y,{1,5})|X = z] = 0.55

which shows that in a single path leaf label setting
it is strictly better to predict {1,5} when aiming
at maximizing the hF1-score. With Proposition 1
in mind, this simple example shows theoretically
the sub-optimality of the current state-of-the-
art models inference methodology. As the opti-
mal threshold is unknown, we need to design an
evaluation framework which does not depend on
an ad-hoc inference rule to avoid introducing non
statistically grounded methods. Following recom-
mendations given by Valmadre (2022), we hence
do away with inference rules and we construct
precision-recall curves for hF1 by browsing all pos-
sible thresholds. From these curves, we compute
the Area Under Curve (AUC).

4 Simple conditional loss-based methods

As a counterpart to the existing state-of-the-art con-
sisting mainly of BCE-based approaches, we intro-
duce several loss-based methods that incorporates
local information, all relying on estimating condi-
tional probabilities.

4.1 Conditional softmax cross-entropy

As outlined in Problem Definition, we focus on
methods that, given an input text z, produce an esti-
mated distribution P(-|x) over ). We propose here
to associate a modern text encoder to the condi-
tional softmax (Redmon and Farhadi, 2017), which
inherently incorporates the hierarchy structure by
producing a hierarchy-coherent probability distri-
bution, and coupling it with a cross-entropy loss.
We detail in this section the modeling and training
associated with it. Let us consider an input text x
with its corresponding label set Y'; a text encoder
is first used to produce an embedded representation
hy € R% of .

Conditional softmax. The conditional softmax
first maps h, to s, € RYI through a standard lin-
ear mapping:

where W € RYI*4 and b € RYI. Then, a softmax
is applied to each brotherhood as follows:

[y]
a (S S;I;
Plyla,n(y) = ———5 O
Y. expsg

zeC(n(y))

We recall that 7(y) denotes the parent node of node

y, and C(m(y)) represents the set of children of

7(y), which includes y. The term s

entry of s, associated with node y.

Hence, the logits s, are used to model the condi-
tional probability of a node given its parent. For
example, this could represent the probability of an
instance x to belong to the class Bulldog, condi-
tioned on it being a Dog.

Cross-entropy. The contribution to the loss of the
pair (z,Y) is given by a standard leaf nodes cross-
entropy (as if we were in a standard monolabel
multiclass classification problem over leaf nodes).
With our modelisation it can further be decomposed
as:

refers to the

lesofe (2, Y) = —log P(y*|z)
= =) logPyla,7(y)) )

yey

where we denote ' the unique leaf node of Y.

Outputted conditional distribution. The proba-
bility of y € Y is computed by a standard condi-
tionality factorization :

Plyle) = ] Plzla,n(2)

z€A(y)

Motivations. Contrary to BCE-based methods, this
modelisation directly incorporates the hierarchy
structure prior of labels. Besides, the outputted
probability distribution is coherent and exhaustive.
It is more powerful than a leaf nodes softmax, as
it decomposes the leaf probability estimation into
several sub-problems. It is also computationally
cheap, with a O(|)|) time complexity.

4.2 Logit-adjusted conditional softmax

We then propose an enhanced version of the condi-
tional softmax, in order to improve its robustness
to data imbalance. This is particularly important
for our newly introduced HW'V dataset, which has
around half of labels having less than 10 instances
in total. Our proposal is motivated by Zhou et al.
(2020), who suggest that integrating the prior prob-
ability distribution in the model is relevant to the
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HTC task, which is confirmed by their experimen-
tal results. Their approach involves initializing (or
fixing) the weights of the structure encoder using
this pre-computed prior distribution. Hence, we
draw inspiration from Menon et al. (2021) and
introduce the logit-adjusted conditional softmax
cross-entropy. Equation (3) becomes:

s 4 log v(y|m(y))

p(y|xa7r(y>) = ]

Z esgf +7logv(z|m(2))
zeC(n(y))

where v(y|m(y)) is an estimation of P(y|7(y))?
and 7 a hyperparameter. Equation (4) remains
unchanged. Comprehensive details on the adap-
tation of the logit-adjusted softmax to our case,
along with the theoretical justifications, are pro-
vided in Appendix C.3 (Plaud et al., 2024). We
expect this loss to enhance performances on the
under-represented classes.

4.3 Conditional sigmoid binary cross-entropy

In practice, several real-world datasets consistently
used in recent literature to evaluate HTC mod-
els (Lewis et al., 2004; Aly et al., 2019) are multi-
path. As the conditional softmax is not designed
for multi-path labels, we propose to use a condi-
tional sigmoid loss, introduced by Brust and Den-
zler (2020). It follows a similar intuition to the
conditional softmax: sigmoids are applied to each
entry of s,, modeling the conditional probability of
the node given its parent. Hence, the contribution
to the loss of a pair (x,Y) is given by a masked
cross-entropy*:

lCSlg €, Y Zlog |SU 7T( )))
zeY
+ ) log(l—P(ulz,7(2)))
weC(r()\ =}

Proposition 2 Letx € X, Y C Y and W defined
as per Equation 2 then

Olcsoft(2,Y) _ Olcsig(z,Y)
ow ow

Proof can be found in Appendix C.4 (Plaud et al.,
2024). While the conditional sigmoid was not mo-
tivated by theoretical arguments in Brust and Den-
zler (2020), Proposition 2 proves that gradients

3In practice, we estimate it by computing an empirical
probability on train set for each label. It is not trainable.

4See Fig. 2b of Brust and Denzler (2020) for visual under-
standing of the mask

#nodes #nodes Avg. #labels

Dataset Train/Val/Test

(#leaves) per level per sample
avvemy SR e,
WOS (SPL) 30’097’(3){977’518 (igi) 7-134 2.0
RCV1 (MP) 2738114296/5 (18023) 4-55-43-1 32
BGC (MP) 58’71]; {;;;785 (Eg) 7-46-77-16 3.0

Table 1: Key statistics of the selected datasets. SPL in-
dicates that the dataset enters the single path leaf labels
setting, and MP that it is multi-path; d represents the
maximum depth of the label hierarchy.

computed for this loss and the conditional soft-
max cross-entropy loss are equivalent. This loss
then allows to deal with both multi-path and non-
exhaustive datasets while having similar properties
to conditional softmax.’

5 Experimental settings

In this section, we introduce the existing datasets
and models we experiment with; we also present
our new dataset, Hierarchical WikiVitals (HWV).

5.1 Datasets

We will verify the performance of our proposed
approaches versus baselines and recent state-of-
the-art models on hierarchical metrics on three
widely used datasets in the HTC literature, which
is mainly applied to English data: Web-of-Science
(WOS) (Kowsari et al., 2018), RCV1-V2 (Lewis
et al., 2004) and BGC (Aly et al., 2019). Data
statistics are displayed in Table 1: those datasets
have in common a relatively large number of train-
ing samples, a sizable number of nodes, and a low
depth of the label structure. We contribute to HTC
benchmarking by releasing Hierarchical WikiVi-
tals, which we aim to present a more difficult chal-
lenge.

HWY Dataset Texts are extracted from the ab-
stracts of the vital articles of Wikipedia, level 4 ©
as of June 2021. This project involves a handmade
hierarchical categorization of the selected articles,
which are themselves put through high scrutiny
with respect to their quality. The resulting dataset
is a single path leaf label dataset, a constraint only
fulfilled by WOS. As the number of nodes and the

SHowever, no logit-adjusted version of it can be properly
derived.

6https: //en.wikipedia.org/wiki/Wikipedia:
Vital_articles/Level/4
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HWV WOS
Method Hamming L. Fl-score (in %) 1 hF1 AUC || Hamming L. Fl-score (in %) 1 hF1 AUC
(in %o) | micro macro (in %) 1 (in %o) | micro macro (in %) 1
BCE 0.85410.010 | 85.8640.15 | 45.564058 | 89.2310.13 || 3.62710.015 | 87.0310.05 | 81.1940.12 | 89.1840.10
CHAMP 0.78610.000 | 87.1410.15 | 50.9010.24 | 89.8710.19 || 3.63710.037 | 87.01+0.13 | 81.2310.18 | 88.7410.08
HBGL - - - - 3.584i04027 87.22i0_10 81.86i0>19 89‘00i0410
HGCLR 0.92210.020 | 84.9210.37 | 44.89+1.38 | 88.35+1035 || 3.72710.077 | 86.6310.27 | 80.0410.45 | 89.2310.22
HITIN 0.776+0.006 | 87.49+0.08 | S1.7310.42 | 90.7210.16 || 3.65540.028 | 87.0510.10 | 81.4940.06 | 88.9240.04
Leaf Softmax 0950:{:0.036 84.7910,57 51 .4910(52 88.55:{:0_47 3.98710(059 85.91 +0.25 80.0210,29 88.6210(03
Conditional Slngld 0.801i0_011 87.01i0.19 52~27i0,82 90-40i0,17 3-692i0,067 86.86i0,23 81.07i0.30 88.78i0417
Conditional Softmax 0.788;{;0_015 87.4910‘10 53479:(:0!)‘5 90.94:{:0_09 3.86910(086 86.2710_17 80.2510‘33 88.7710(07
Cond. Softmax + LA (OUI'S) 0.782i0_004 87.51i0.07 54-39i0,58 90-97i0.05 3.837i04033 86.35i0_12 80.1 1:&026 88‘90i0410

Table 2: Performance evaluation metrics (and 95% confidence interval) on the test sets of the WOS and HWV
datasets for the implemented models. Best results for each metric are highlighted in bold. The HBGL model was
too large to fit in the memory of a 32GB GPU on the HWV dataset.

RCV1 BGC
Method Hamming L. F1-score (in %) 1 hF1 AUC || Hamming L. Fl-score (in %) 1 hF1 AUC
(in %o) J. micro macro (in %) T (in %o0) | micro macro (in %) T
BCE 8.22510.148 | 86.6510.30 | 66.47 1149 | 93.6610.19 || 7.78810.071 | 80.511021 | 62.331136 | 90.2640.29
CHAMP 8.56510.234 | 85.931066 | 62.86+364 | 93.121033 || 7.775+0.081 | 80.541020 | 63.58 1049 | 90.1910.20
HBGL 81220071 | 87114012 | 70.201033 | 93.35+0.14 || 8.09210.045 | 80.1940.11 | 65.9410.18 | 88.08+0.10
HGCLR 8.76140.276 86.1140.26 | 67494061 | 93.27+0.14 8.054 10171 80.1640.29 | 63.5840.40 89.8140.17
HITIN 8.58310.188 85.7240.60 | 60.004515 | 93.0410.04 7.981+0.096 80.36.921 | 61.6241 47 90.08_0.16
Conditional Singid 8.65210_316 85.7710_71 63.90:&2_45 9323:&0.36 7.954:&0_202 80.24:&0_46 62.65i0_64 90.07:&0_40

Table 3: Performance evaluation metrics (and 95% confidence interval) on the test sets of the RCV1 and BGC
datasets for the implemented models. Best results for each metric are highlighted in bold.

depth of the hierarchy are higher than for the previ-
ously cited datasets, HWV is much more challeng-
ing. It is also characterized by a very imbalanced
label distribution with ~ 50% of labels having less
than 10 examples in the whole dataset. We show in
Figure 1 three observations from our new dataset,
illustrating how much leaf nodes depth can vary
(ranging from 2 to 6). Comprehensive details re-
garding the building process of the quality of data
of HWYV are provided in Appendix B (Plaud et al.,
2024).

5.2 Models

We propose to compare very different HTC mod-
els, ranging from simple baselines to the most re-
cent state-of-the-art approaches. For fair compar-
ison between them, we use a pre-trained BERT’
model (Devlin et al., 2019) as text encoder, adopt-
ing the standard [CLS] representation as h, for
every model. We list below all the different models
evaluated. BERT + BCE is the simplest baseline,
treating the problem as a multi-label task, with-
out using any information from the hierarchical
structure of labels. BERT + Leaf Softmax out-
puts a distribution over leaves, and hence is only
fitted for single-path leaf label settings. BERT +

"https://huggingface.co/bert-base-uncased

CHAMP implements the penalization of false pos-
itives based on their shortest-path distance to the
ground label set in the tree (Vaswani et al., 2022).
BERT + Conditional {Softmax, logit-adjusted
Softmax, Sigmoid} are our proposed methods, de-
tailed in Section 4.1. Hitin (Zhu et al., 2023),
HBGL (Jiang et al., 2022), HGCLR (Wang et al.,
2022a) are among the most recent models, propos-
ing respectively to separately encode the label hi-
erarchy in an efficient manner, to incorporate both
global and local information when encoding the
label hierarchy, by considering subgraphs, and to
use contrastive learning and exploiting the label
hierarchy to create plausible corrupted examples.

5.3 Training details

We use bert-base-uncased model from the trans-
formers library (Wolf et al., 2020) as text encoder
(110M parameters). Our implementation is based
on Hitin.® Each of our baselines is trained for 20
epochs on a V100 GPU of 32GB with a batch size
of 16. We used an AdamW optimizer with initial
learning rate of 2 - 10~° and with a warmup period
of 10% of the training steps. For HBGL?, Hitin and
HGCLR!?, we rely on implementation guidelines

8ht’cps: //github.com/Rooooyy/HiTIN
*https://github.com/kongds/HBGL
Yhttps://github.com/wzh9969/contrastive-htc
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to conduct experiments. For datasets not used in
the original papers, we performed a grid-search hy-
perparameter optimization. Our results are derived
from averaging over four separate training runs,
each initialized with distinct random seeds, ensur-
ing the robustness and fairness of our evaluation
methodology.

6 Results and Analysis
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Figure 3: Averaged Macro F1-Scores on the test set per
depth for different models and for the HWV dataset.
The error bars represent a 95% confidence interval.

We start our investigation by evaluating models
on our newly proposed dataset, HWV. Results
are shown in Table 2. Unfortunately, the HBGL
architecture could not run for HWYV, requiring
memory above the capacity of our GPUs. On this
dataset, we note the overall superiority of our
newly introduced logit-adjusted conditional
softmax loss and its vanilla version. The latest
models fail to obtain the best results, which
is surprising given the complex hierarchy and
label imbalance. We hence emit the hypothesis
that while hierarchy-aware models were proven
useful on simpler datasets, they fail to capture
that complexity on HWV. To investigate why
it performs better, we display in Figures 3 & 4
averaged macro F1-scores over classes. Figure 3
corresponds to averages of scores based on label
depth: we observe that the higher the depth the
higher the improvement brought by conditional
softmax and its logit-adjusted version is (except
for depth 6 which has only 4 classes inside).
Figure 4 seems to hint that the improvement
of the logit-adjusted conditional softmax vs. a
vanilla conditional softmax lies in its ability to
correctly classify under-represented classes. Until
the third decile of the label count distribution,
our newly introduced method is statistically
better. We could have expected such a result, as

o
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Figure 4: Averaged Macro F1-Scores on the test set
by quantiles of label counts distribution in the training
set for different models and for the HWYV dataset. The
shaded regions represent a 95% confidence interval.

this loss was specifically designed to deal with
label imbalance (see Appendix C.3 (Plaud et al.,
2024)). Obviously, depth is strongly correlated
with under-representation of labels. We then
conduct an ablation study with respect to the
label hierarchy, by cutting the HWV hierarchy
at depth 2. By doing so, the hierarchy becomes
shallow and the label imbalance remains. Table 4
presents the results obtained from this modified
dataset. In this scenario, state-of-the-art models
catch up with our conditional softmax losses and
Hitin reclaim a marginal lead across all metrics.
Furthermore, we observe that our logit-adjusted
conditional softmax remains better than the
vanilla conditional softmax, especially on macro
Fl-score. These two observations allow us to
refine our conclusions. First, the superiority of the
vanilla conditional softmax on HWV vs. recent
state-of-the-art methods seems to stem from the
hierarchy complexity: a conditional modelisation
allows to better classify deep classes. Second,
the logit-adjusted version proves to be useful in
presence of label imbalance as we can see with
macro Fl-score metrics, which are statistically
better than the vanilla version in both versions of
HWYV dataset.

On WOS, simpler baselines reach remarkable re-
sults. Despite the marginal superiority of HBGL, it
is noteworthy that the BERT+BCE model is in the
top performances across all metrics, while not
using label hierarchy information. On this dataset,
our new method, while competitive, lags behind.

These results are coherent with conclusions
drawn with HWYV dataset : the WOS dataset has
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HWYV (depth 2)
Hamming L. Fl-score (in %) 1 hF1 AUC
Method (in %o) | micro macro (in %) 1
BCE 2.36710.030 | 92.89+0.06 | 78424031 | 94.6710.15
Cond. Soft. 2‘450i0,[)g7 92~6510_26 784011_06 94-73i[).18
Cond. S.L.A. 2~432i0.072 92.89i0.22 79.38i[).25 94-77i0.18

Table 4: Performance evaluation metrics (and 95% con-
fidence interval) on the test sets of the cutted HWV
dataset for the implemented models. Best results for
each metric are highlighted in bold.

a low complexity, both in terms of depth (maxi-
mum depth of 2) and distribution of labels (only
one class has less than 40 examples in the dataset).
On multi-path datasets, our observations align
closely with what we noticed on WOS: we ob-
serve in Table 3 that a straightforward BCE loss
consistently yields great results across datasets and
metrics. Hierarchical metrics clearly highlight this
phenomenon. In fact, model rankings in multi-label
F1 scores and hierarchical F1 scores only keep con-
sistent for HWV: for the three other datasets, the
structure-aware threshold-independent metrics
put the BCE baseline to the top.

We believe those results allow us to draw two
main lessons: first, that hierarchical metrics bring
useful insights on HTC evaluation, and are neces-
sary to properly evaluate models on their capacity
to encode label structure, which our results show to
be lacking. Second, that when used on a more chal-
lenging dataset, state-of-the-art hierarchy-aware
HTC models are less able to integrate that com-
plex hierarchical information into their prediction
than a simple model trained with conditional soft-
max Ccross-entropy.

7 Conclusion

In this paper, we come back upon recent progress
in HTC, and propose to investigate its evaluation.
To do so, we begin by showing the limitations
of the inference and metrics that are commonly
used in the recent literature. We instead propose
to use existing hierarchical metrics, and an asso-
ciated inference method. Then, we introduce a
new and challenging dataset, Hierarchical WikiVi-
tals; our experiments show that recent sophisticated
hierarchy-aware models have trouble integrating hi-
erarchy information in any better way than simple
baselines. We finally propose simple hierarchical
losses, able to better integrate hierarchy informa-
tion on our dataset. In the future, we plan to in-
vestigate the inference mechanism for hierarchical

metrics, through which we will aim to make a direct
contribution to improving models on HTC tasks.
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