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Abstract. Extreme multi-label learning aims to identify relevant labels from a
large number of labels. Among various approaches, tree-based linear methods
stand out for their simplicity and efficiency, and thus serve as an effective baseline.
Tree-based linear methods estimate label relevance based on probability estimates
at each node, where each probability is transformed from the decision value
of a binary model. While most existing methods adopt a simple function for
this transformation, we show that such an estimation is inappropriate and can
degrade model performance. Through detailed investigation, we explain why prior
works relied on this problematic function without considering well-developed
probabilistic outputs for binary linear classification. Our study leads to a more
suitable probability estimation for tree-based linear methods. Experiments confirm
that our proposed method fixes the problem introduced by existing settings.

Keywords: Extreme multi-label classification - Tree-based linear methods - Prob-
ability estimation - Support vector machine

1 Introduction

In modern machine learning applications, a common task is identifying relevant cat-
egories from a large set of candidates for a given input. For example, in the medical
domain, text from clinical records can be used to predict relevant diagnosis and proce-
dure codes. In many cases, the candidate label set can be extremely large, ranging from
thousands to millions. This task is known as extreme multi-label learning (XML).

Many studies have proposed methods to address XML. For instance, in text-based
XML applications such as product categorization, document tagging, and medical cod-
ing, some works [28,16,12] propose neural network-based approaches, while others
[11,24,15,29] focus on linear methods. Although neural networks are a popular choice
for understanding text semantics [1], linear methods require much less computational
resources. Moreover, several studies [25,19,9,6] have further demonstrated that linear
models can serve as strong baselines in text classification. This study focuses on prob-
ability estimation in linear methods for XML, a critical aspect that has received little
attention.
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Within linear methods for XML, one-versus-rest (OVR) offers a simple way to train
one binary classifier per label, but faces high training and storage costs with large label
sets. To overcome this limitation, several works such as [26,11,24,15,29] have proposed
tree-based linear methods, which organize labels hierarchically and decompose the XML
task into smaller multi-label classification problems. These methods significantly reduce
time and space complexity, as analyzed in [24] and [17].

Tree-based linear methods make predictions using a probabilistic label tree [11].
Each label corresponds to a fixed path that involves a sequence of binary classifiers, and
each classifier produces a probability estimate based on the given instance x:

P(binary label = 1 | z; w), (1)

where w is the weight of the binary classifier. To predict the relevance of any label j, the
model utilizes the probabilities along the corresponding path:

P(a has label j) = H P(binary label = 1 | x; wy),
déepath to j

where d refers to an edge between two adjacent nodes along the path to label j, and wy
is the weight of the associated binary classifier. Since the final decision is a product of
all probabilities, bias in unreliable estimates can accumulate and degrade the overall
prediction. Therefore, each binary classifier must provide accurate probability estimates
to ensure reliable predictions. This requirement is further supported by prior work on
XML [27].

Among binary classifiers, logistic regression (LR) naturally estimates (1), as the
model weights are learned via maximum likelihood estimation. In contrast, support vector
machines (SVMs) optimize the margin between classes and do not directly estimate
probabilities (1). To bridge this gap, some works [23,31,8] have proposed effective
approaches for converting SVM decision values into probabilities. Surprisingly, existing
linear methods seldom use these techniques, even though many adopt SVMs as base
classifiers, as shown in [24,15,29]. Instead, these models adopt simple transformations
on decision values to estimate probabilities. As a result, the effectiveness of these
probability estimates remains unclear, and their potential impact on prediction quality
deserves further examination.

Through our investigation, we point out that the probability estimation functions
used in current tree-based methods [24,15,29] lack strict monotonicity, a key property
for producing meaningful probabilities from SVM outputs. We further identify possible
difficulties with these methods when adopting Platt scaling [23], the most popular setting
for generating SVM probabilistic outputs. Finally, we propose a probability estimation
framework that addresses the problematic setting in [24,15,29] and avoids the difficulties
encountered in applying Platt scaling in linear methods for XML. This framework
improves predictive performance and helps the tree-based linear method become a
stronger baseline for XML.

The rest of the paper is organized as follows. Section 2 introduces two linear ap-
proaches widely used in XML: one-versus-rest and tree-based methods. Section 3 points
out an erroneous setting in the probability estimation of most existing SVM tree-based
models. In Section 4, we discuss the difficulties in adopting the approach proposed in
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Platt scaling [23], a common setting for generating SVM probabilistic outputs. Section 5
proposes a framework that helps improve estimation reliability. Section 6 demonstrates
the effectiveness of the proposed framework through experiments. Finally, Section 7
summarizes our findings. Our approach has been integrated into the multi-label library
LibMultiLabel.? This work is an extension of the third author’s master thesis [3].

2 Linear Methods for XML

To tackle XML with linear models, two methods are widely applied: the one-vs-rest
(OVR) method and the tree-based method. We introduce them in this section.

Assume a training set {(y,,z;)}._, with m possible labels, where each feature
vector z; € R? and each label vector y; € {—1,1}™. For any instance-label pair, we
define y;; = 1 if label j is relevant to instance x;, and y;; = —1 otherwise.

2.1 One-vs-Rest (OVR) Method

OVR trains an independent binary classifier for each label j € {1,...,m}. The weight
vector w; € R< is learned by solving

N !
min 5 ijwj + Z &(vij 'ijmi), ()

aw;
J :
=1

where A > 0 is a hyper-parameter for the regularizer wJT'uJ ;. and &(-) is a loss function.
The typical choices for £(+) are listed below.

— Logistic loss (LR):
&ir(a) = log (1 4 exp(—a)); 3)

— Hinge loss (SVM-£1):
&ui(a) = max(0, 1 — a); 4

— Squared hinge loss (SVM-£1,):
1a(a) = max(0, 1 — a)?. (5)

Because (2) must be solved once per label, we end up with m binary optimization
problems. After training, we can obtain the prediction scores [wi x, - -- ,wl z] for any
given x. In the XML setting, where the label space is extremely large, it is common to
select labels with the highest scores as the predicted relevant labels for an instance.

2.2 Tree-Based Methods

Since OVR needs to train m classifiers, both time and space complexity of OVR grow
linearly in the number of labels, a situation making OVR an inefficient method when
m is large. To mitigate the linear growth of the OVR training cost, recent works such

3 https://www.csie.ntu.edu.tw/~cjlin/libmultilabel/
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{1,2,...,m}
Level-1| I1 I; Ix
Leve]_zlij. T 77‘ \’77‘7777‘\ :77 T 77:

Fig. 1: A two-level tree structure, adapted from [4]. Each dashed rectangular box corre-
sponds to a multi-label classification problem.

as [24,15,29] apply the tree-based method based on a divide-and-conquer idea. This
method recursively decomposes the OVR problem into smaller sub-problems by orga-
nizing the m labels into a hierarchical tree structure.

In Figure 1, we provide a two-level tree as an example.* At level-1, the m labels in
the root node are divided into K partitions I, ..., Ix, K < m.> For easy discussion, we
denote these partitions as nodes and tag a meta-label on each of them, leading to a multi-
label classification problem with only K meta-labels. Following the OVR setting, we
address the multi-label classification problem by training a separate binary classifier for
each meta-label using all instances, like (2). As a result, we obtain models wy, ... Wgk.

Next, we extend the tree from level-1 to level-2. Unlike the multi-label classification
problem at level-1, which uses the entire training set, each problem from level-2 onward
is trained only on the instances and labels associated with the corresponding parent
node at the upper level. In this way, the overall task can be recursively decomposed into
smaller multi-label classification problems, and we apply the OVR method to solve each
of them at every level, similar to the level-1 setting.

Let us consider the multi-label classification problem for the meta-label j with the
label set /5 in Figure 1 as an example. To facilitate discussion, we partition the label set
so that each level-2 node contains only a single label. Thus, we can define the training
set as

D; = {(¢i,z;) | z; has any label in I3},

where ¢; : I; — {-1, 1} is a mapping function so that ¢;(j) = 1 if label j is
relevant to z;, and ¢;(j) = —1 otherwise. Then, for label j € I, the corresponding
binary classifier with weight vector w; is learned by solving

. A T - T
min Sw; w; + . Z)eu f(¢i(]) w; wz‘)~ (6)

After training, we estimate the probability of label j for any given instance x by a
path from the root to its corresponding leaf node:

root &> node Ij 3, 1eaf node (label j5), (N

* The mechanism extends to deeper levels, though here we assume two levels.
3 To partition labels, we can either use information from the training set or additional label
knowledge.
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where wj is the weight vector corresponding to meta-label 7. We then apply the idea of
probabilistic classifier chains [5] and multiply the probabilities along the path (7):
P(x has label j | x; [tb;,wj])
=P(z has label j | , x has meta-label j; w;) x P(x has meta-label j | z; w;). (8)

Using the estimated probabilities for all labels, we can then select labels with the highest
probabilities as the predicted relevant labels for instance x.

2.3 Probability Estimation for Tree-Based Methods

From Section 2.2, once we train a binary classifier w, we need a probabilistic model
based on w to estimate the probability for a given instance x:

P(binary label = 1 | ; w). )

To facilitate the discussion, we consider any binary set as follows:

D ={(zj,x;) | zz=1or —1}. (10)

In logistic regression, we use LR loss (3) to learn the binary classifier w, and the
corresponding objective (6) can be rewritten as:

: )‘ T —zi'wTaci
n}}’ngw w + Z}og(l—&—e )
(2i,2:)€D

A 1

= —= 1 B ——— 11

max —Zw' w + log H Ry (11)
(zi,xi)€ED

In this case, if we do not consider the regularization term, the optimization problem
becomes a maximum likelihood estimation by interpreting the term

1
1+ exp (—zwTz;)

(12)

as the estimated probability for the true label z;. Therefore, when we want to estimate
the probability (9), i.e., z; = 1, we can express (12) as an exponential mapping of the
logistic regression loss:

1
T exp (Cwta) ~ P as(@) 1
On the other hand, for SVMs, we cannot directly rewrite the optimization objec-
tive into a probabilistic form, as logistic regression does in (11). As a result, many
studies [23,31,8] have proposed approaches to convert SVM decision values into prob-
abilities in binary classification, and these approaches have been well established for
decades. Surprisingly, to the best of our knowledge, when SVM is used as the base
binary classifier, none of the existing tree-based linear methods adopt these probability
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Fig. 2: Probability curves from three estimations.

conversion approaches. Instead, they apply a conversion function similar to (13) used in
logistic regression. For example, the works [29,24,15] consider the same exponential
form as in (13), but replace the LR loss with SVM loss functions. In other words, past
works use a general form:

exp (—é(w'x)), €€ {&r, &b}, (14)

to estimate probabilities for the loss functions.®

3 The Issue with Existing Probability Estimation Methods in
Tree-Based Models

As introduced in Section 2.3, most existing tree-based linear models apply the approx-
imation exp (—£(+)) to convert decision values into probabilities, regardless of which
loss function is used. Figure 2 illustrates the probability estimation functions used in
[29,24,15] for LR and SVMs. While exp (—¢r (+)) provides a smooth and strictly mono-
tonic mapping, both exp (=& (+)) and exp (—&1» (+)) assign a probability of exactly
one to any decision value greater than one, because, according to (4) and (5),

max(0,1 —a) =0asa > 1.

This behavior leads to a significant impact: the relative order among top-scoring labels is
lost after the conversion to probabilities.

To examine the impact of the ranking distortion caused by the probability transfor-
mation, we design an experiment based on the simple OVR setting. In addition to using
decision values w” '« to rank label relevance, we evaluate rankings based on probabili-
ties computed from (14). Table 1 compares the test performance of these two ranking
approaches using precision at top-ranked labels (P@1, P@3, and P@5)” on four XML

% The works [24,15] used (14) in their code to estimate (9) though they did not explicitly state
this in their papers.
7 Section 6.1 defines the metrics P@1, P@3, and P@5.
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[ P@l | P@3 | P@5
EUR-Lex-4K
&R &L & &R &L & &R &L &
The approach wlx [81.71| 80.05| 81.14 || 68.33 | 67.90 | 68.49 57.11| 56.98 | 57.16
The approach (14) 0.00 | —1.08 | —0.52 0.00 | —0.04 | —0.06 0.00 0.00 0.00
Mimic-iii-8K
&R &Lt 1S9 &R &Lt 1S9 &R &Lt 1S9
The approach w” « | 85.11 | 85.53 | 86.15 || 77.44 | 79.11 | 79.12 ][ 70.66 | 72.86 | 72.57
The approach (14) 0.00 | —0.98 | —0.15 || 0.00| —0.12 | —0.04 || 0.00 | —0.02 | —0.01
Wikil0-31K
&R &L & &R &L & &R &L &
The approach wlx [ 84.95| 84.92 | 84.63 || 72.62| 76.56 | 74.67 || 63.26 | 68.06 | 65.83
The approach (14) 0.00 | —0.62 | —0.47 0.00 | —0.04 | —0.02 0.00 0.00 0.00
AmazonCat-13K
&R &Lt IS5 &R &Lt IS5 &R &Lt IS5
The approach wla 9295 93.23] 93.19]78.55| 78.78 | 78.90 || 63.84 | 63.52 | 64.14
The approach (14) 0.00 | —1.52 | —0.56 || 0.00 | —0.14 | —0.05 || 0.00 | —0.02 0.00
Table 1: Comparison of P@1, P@3, and P@5 for predictions based on decision values
wlx and probability estimates (14), with three loss functions (g, &L1, &12) in the
OVR setting. For (14), we report relative differences compared to the approach of using

decision values w’ x.

data sets.® Our goal is to examine the impact of using decision values versus probability
estimates (row 1 versus row 2). Thus, we simply set A = 1 for all loss functions. Since
hyper-parameters are not tuned in this setting, it is not suitable to compare the results
across different loss functions (i.e., across columns). Instead, a more rigorous comparison
of these loss functions will be presented in Section 6.

For logistic regression, exp (—& r(+)) preserves the label order, so the approaches
based on decision values and probability estimates yield identical performance. In con-
trast, when SVM loss functions & | and £, are used, ranking labels based on probability
estimates leads to performance drops, with a more pronounced decrease under & ;.

Recall from Figure 2 that (14) does not preserve the order among labels with decision
values above one, so the model cannot prioritize the most likely labels. Since P@1
considers only the top label, this ambiguity causes a significant drop in performance
when probability estimates are used. As we move to P@3 and P@5, more labels are
included in the evaluation, and the gap between decision values and probability estimates
gradually narrows.

Although Table 1 focuses solely on the simple OVR setting, we already observe
clear performance differences. Tree-based models represent a more complex setting,
as they rely on probabilistic classifier chains like (8) to make predictions. In such
cases, estimation errors may propagate through probability multiplication and lead to a
more severe impact. In fact, prior work [27] has highlighted the importance of accurate

8 Since training OVR models on XML data sets is expensive, we select four smaller ones. Details
of these data sets are provided in Appendix A.1.
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probability estimation in XML problems. However, when SVMs are used in tree-based
linear methods, existing implementations still adopt a simple probability conversion as in
(14), which introduces non-negligible estimation errors and must be properly addressed.

4 Why Most Existing SVM Tree-Based Methods Do Not Consider
Platt Scaling for Probability Estimation

In Section 3, we pointed out that the probability estimation (14) used in most existing
SVM tree-based methods [24,15,29] is problematic. However, many studies [23,31,8]
have developed ways to produce probabilistic outputs from SVMs. Among them, the
highly cited approach, Platt scaling [23], implemented in LIBSVM [2], is commonly
used in tasks that need posterior class probabilities. They propose a parametric model
that converts the decision value w” a into the probability® of the true label z = 1 (with
ze{l,—1}):

1

_ T,.. —
P(Z—].|w :B,A,B)—W,

15)
where A and B are learnable parameters. Surprisingly, the works [24,15,29] do not adopt
this well-known method, even though tree-based methods rely heavily on probability
estimates. Instead, they use a simple approximation (14) that has obvious problems.
Given this, readers of past tree-based XML works must ask why these studies did not
apply well-established binary probabilistic outputs such as Platt scaling. Therefore, we
conducted a detailed investigation and found that adopting Platt scaling in the tree-based
setting presents several difficulties. Specifically, we identify two main challenges:

— Estimating parameters in Platt scaling makes training too expensive for XML tasks.
— Estimating probabilities for each node independently within the tree can be subopti-
mal.

We elaborate on these challenges in Section 4.1 and Section 4.2, respectively.

4.1 Expensive Training Cost When Applying Platt Scaling in XML

Given any binary data set D defined in (10), Platt scaling estimates the parameters A
and B in (15) by maximizing the log-likelihood:!°

|D|
) T, .
Iﬂf}é‘ Z;logP(zl | w' x;; A, B). (16)

At first glance, solving (16) may seem simple and inexpensive, as it only requires
optimizing two parameters (A, B), which is far cheaper than training a binary classifier.
However, to avoid overfitting, an important setting in Platt scaling is to generate decision

°Note that P(z = —1 | wa; A, B) =1—P(z =1 | w"z; A, B).
10 Platt scaling [23] adopts a slightly modified formulation of (16) to prevent overfitting.
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Training Validation Decision
set set values

Round 1 ‘ Fold 1 ‘ ‘ Fold 2 ‘ ‘ Fold 3 ‘—>‘ Fold 3 ‘

Round 2 ‘ Fold 1 ‘ ‘ Fold 3 ‘ ‘ Fold 2 ‘—>‘ Fold 2 ‘

Round 3 ‘ Fold 2 ‘ ‘ Fold 3 ‘ ‘ Fold 1 ‘—>‘ Fold 1 ‘

Fig. 3: An illustration of how Platt scaling collects decision values in a three-fold cross-
validation setting. In each round, the purple folds are used to train the SVM model, and
the orange fold is used to generate decision values. Finally, we collect decision values
from all three folds to solve the problem (16).

values through cross-validation. For easier discussion, Figure 3 illustrates the three-fold
cross-validation process, where the training data is split into three folds. In each round,
we hold out one fold as the validation set and train an SVM model using the remaining
two folds. After three rounds, we collect the decision values from all validation folds
and use them to estimate the parameters A and B in (15) by solving (16).

The procedure of using F'-fold cross-validation is widely accepted when applying
Platt scaling to binary SVM classification, even though the training time increases by
nearly F' times. While such an increase in training time is generally tolerable for small
or medium-sized data sets in binary classification, XML models already require a long
training time due to the large number of labels. Consequently, a further increase by F’
times becomes unaffordable, making this strategy less practical for XML.

4.2 Limitations of Estimating Probabilities Independently

Another challenge lies in the fact that Platt scaling is originally designed to provide a
reasonable probabilistic estimate for a single binary classification task, whereas XML
requires aggregating the outputs of multiple binary classifiers to generate the final
prediction. As a result, directly applying Platt scaling to each individual classifier can
be problematic. In the following, we use (8), the product of probabilities along the tree
path, to illustrate the potential issues.

To determine whether an instance x has label j, our goal in (8) is to accurately
estimate

P(z has label j | z; [w;, w;]). (17)

Notably, tree-based methods do not estimate (17) directly. Instead, we train separate
binary classifiers (i.e., w; and wj) to estimate the two conditional probabilities

P(a has label j | , x has meta-label 7 w;), (18)

and
P(z has meta-label j | x; w3). (19)
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At first glance, Platt scaling appears to be a natural choice for estimating the probabil-
ities (18) and (19). However, directly applying Platt scaling may raise two concerns. First,
estimating (18) and (19) separately does not necessarily yield a good estimate of (17), as
the quality of (17) depends on their combination rather than on either component alone.
Therefore, an estimation strategy that considers (18) and (19) jointly is more desirable.
Second, as discussed in Section 2.2, the training set associated with each node becomes
smaller as the tree grows deeper. Since (18) is estimated at a leaf node, the available
training data can be extremely limited. Consequently, applying Platt scaling to (18) may
produce less reliable probability estimates and be more prone to overfitting.

5 A Suitable Framework for Probability Estimation in Tree-Based
Methods

Based on the discussions in Sections 3 and 4, we need a probability estimation framework
that fixes the error in Section 3 and avoids the issues discussed in Section 4. To this end,
we expect the framework to satisfy the following properties:

(a) The probability function should be strictly increasing to preserve the ranking of
decision values, a property that both exp (=& (+)) and exp (—&2 (+)) used in
existing works violate.

(b) The approach should maintain a computational cost comparable to existing works
described in Section 3. For example, we should avoid the cross-validation process
needed in Platt scaling.

(c) The approach should optimize global performance rather than focusing on the
probabilistic estimation of individual binary problems.

Properties (a) and (c) focus on model performance, while Property (b) concerns training
cost. We address these aspects in the following subsections.

5.1 Ensuring Strict Monotonicity and Optimizing Global Performance

We first consider Properties (a) and (c). Note that the probabilistic model (15) used
by Platt scaling already satisfies Property (a), as this function is strictly increasing.
However, Platt scaling estimates (A, B) for each binary problem without considering
global performance, so the approach does not meet Property (c). To address this issue,
we novelly treat each pair (A, B) as hyper-parameters instead of trainable parameters
used in fitting (16). In other words, suppose the tree-based linear model involves ¢ binary
models, we can construct the following hyper-parameter set:

(A1, B1), (A2, Bs),- -+, (A¢, By). (20)

This novel aspect of using (20) offers two advantages. First, we can select the
hyper-parameters (A;, B;) for all j to optimize global performance. Second, during
hyper-parameter search, we can evaluate the validation performance for any given
(A;, Bj) across all j without training additional models. We now illustrate how these
advantages work in practice.
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Let us consider tuning the regularization parameter \ as an example. In this setting,
we aim to optimize the global performance on the validation set with respect to both A
and (A;, B;) for all j. Since (A;, B;) are not involved in training the weights w, we
only need to train the model once for a given value of \. After training and calculating the
decision values w’ x, we can directly compute the probabilistic outputs by applying any
configuration of (4, B;) in (15). In this way, we can evaluate the validation performance
across all possible configurations without any extra model training.

5.2 Reducing Training Cost

However, even though we do not need to train additional models for any (A4;, B;), we
still need to compute (15) to obtain probabilistic outputs. In XML tasks with thousands
to millions of labels, the search space formed by (A;, B;) across all j becomes ex-
tremely large, making it impractical to evaluate (15) for all possible configurations and
perform hyper-parameter search efficiently. As a result, we still lack a method satisfying
Property (b) and Property (c) simultaneously.

To reduce the computational cost while optimizing global performance, we novelly
propose a simple yet effective design: we remove all hyper-parameter 5;, Vj and let
all binary probabilistic models share the same hyper-parameter A. This leads to the
following form: .

1+ exp(AwTx)’ @D

Although we could similarly replace all B;,Vj with a single shared hyper-parameter
B, we choose not to do so in order to avoid performing hyper-parameter search over all
combinations of (A4, B).

Importantly, our novel design (21) preserves the core advantage of the setting (20),
as the global performance can still be directly optimized, thereby satisfying Property (c).
At the same time, our approach has significantly reduced the hyper-parameter search
space, which makes the search process more efficient and meets the requirement of
Property (b). To support this claim, we further demonstrate in Appendix A.5 that tuning
over (A, A) requires almost the same computational cost as tuning A alone. Note that
while the idea in Section 5.1 similarly avoids model training by evaluating different
(A;, Bj) configurations on cached decision values, the search space grows dramatically
with the number of binary classifiers. By using a single shared hyper-parameter A, (21)
keeps the search space small while retaining the ability to optimize global performance.
As a result, our approach (21) successfully fulfills all three desired properties: (a), (b),
and (c).

6 Experiments

This section compares our approach (21) with the approach using (14). We first intro-
duce the evaluation metrics and experimental settings in Section 6.1. Then, we present
the experimental results and our analysis in Section 6.2. Finally, we demonstrate in
Section 6.3 that our probability estimation (21) enables tree-based linear methods to
serve as stronger baselines for XML problems.
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Data Set # instances [ | # features d | # labels m
EUR-Lex-4K 15,449 186,104 3,956
Mimic-iii-8K 51,095 140,767 8,685
Wikil0-31K 14,146 104,374 30,938
AmazonCat-13K 1,186,239 203,882 13,330
Amazon-670K 490,449 135,909 670,091

Table 2: Statistics of training data sets.

6.1 Evaluation and Experimental Setups

We consider XML on document data. Table 2 summarizes the statistics of the experi-
mental data sets, with additional details provided in Appendix A.1. For handling such
data with linear models, highly sparse bag-of-words (BOW) are commonly used to
generate feature representations for both training and evaluation. We adopt a popular
BOW variant, uni-gram TF-IDF features [20,14], to construct the feature representation
for each instance x.

For XML tasks, we typically use ranking-based metrics to evaluate model perfor-
mance. Following previous XML works [24,28,15,29], we adopt precision at k (P@Fk)
for k = 1,3, and 5, as these metrics are among the most commonly used evaluation
metrics. During evaluation, we first calculate the proportion of correct labels among the
top-k predictions for each instance . We then average these proportions across all test
instances to obtain the corresponding P@#.

Across all experiments, when our approach (21) is used, we tune the hyper-parameter
A and the regularization parameter \; otherwise, we tune A only. The details are in
Appendix A.2. In addition, Appendices A.3 and A.4 examine the sensitivity of A and A
to model performance, respectively. Besides, although our approach (21) introduces one
more hyper-parameter, searching over (A, A) requires almost the same computational
cost as tuning A alone, as discussed in Section 5 and Appendix A.5.

6.2 Comparison of Probability Estimations in SVMs

We propose the approach (21) to address the issues of applying Platt scaling [23] in
tree-based methods. To evaluate the effectiveness of our approach, we consider LR,
SVM-£11, and SVM-£», and provide the test results in Table 3. The key findings from
these results are summarized below.

First, our approach (21) improves SVM results compared to using (14) in almost all
cases. This implies that our approach consistently corrects the probability estimation
errors introduced by using (14). In particular, when SVM-£; is used, applying (14)
leads to much worse performance compared to LR and SVM-£;,. However, when our
approach (21) is applied, SVM-£1; shows a surprisingly large improvement, and the
performance of SVM-£; becomes comparable to LR and SVM-¢; ;. Therefore, our
approach effectively corrects the misuse of (14) found in existing works.

Secondly, the results of LR are competitive with those of SVM-£; ; under (14). This
finding differs from the conclusion of [24], as they did not perform hyper-parameter
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[ P@l | P@3 | P@5
EUR-Lex-4K
&R &L 3% &R &L I3 &R &L I3
The approach (14) | 81.37 | 81.58|82.35| 68.37 | 68.56|69.26 || 57.37 |56.53 | 58.01
Our approach (21) | Un-nec. | 82.54 | 82.43 || Un-nec. | 69.26 | 69.20 || Un-nec. | 57.80 | 58.12
Wikil0-31K
ELR Ll | &2 ELR &Ll | &2 ELR &Lt | &2
The approach (14) | 84.28 |84.40 | 84.43 || 73.14 |73.28|73.52| 64.15 |63.36|64.74
Our approach (21) | Un-nec. | 85.57 | 85.47 || Un-nec. | 75.20 | 74.19 || Un-nec. | 66.32 | 65.32
Mimic-iii-8K
&R &L 3% &R &L 3% &R &L 3%
The approach (14) | 84.88 |83.39|84.13 || 77.19 |77.28|77.63| 71.03 |71.56|71.53
Our approach (21) | Un-nec. | 85.17 | 85.32 || Un-nec. | 77.70 | 77.68 || Un-nec. | 72.07 | 71.58
AmazonCat-13K
§LR L | & §LR L | & §LR L | &2
The approach (14) | 94.11 | 91.67 | 93.69 || 79.52 |79.00 | 79.71 || 64.51 | 63.98 | 64.73
Our approach (21) | Un-nec. | 93.16 | 94.01 || Un-nec. | 79.36 | 79.77 || Un-nec. | 64.23 | 64.74
Amazon-670K
§LR L | & §LR L | &2 §LR L | &2
The approach (14) | 43.53 |39.49 | 43.67 || 38.54 |34.73|38.48 | 34.92 |31.32|34.78
Our approach (21) | Un-nec. | 41.49 | 43.91 || Un-nec. | 36.85 | 38.79 || Un-nec. | 33.47 | 35.09
Table 3: Test results of tree-based methods. Both the approach (14) and our approach
(21) consider three linear classifiers: logistic regression (LR), SVM-¢; |, and SVM-£ ,
where the loss functions &g, &1, and &, are used, respectively. Moreover, we tune the
hyper-parameters with cross-validation. All the values are multiplied by 100. The better
results of SVM-£1; and SVM-£1, under the two estimation approaches are denoted with
bold text. The word “Un-nec.” represents unnecessary.

search and used a fixed A = 0.1 for LR and A = 1 for SVM-¢;,. This highlights the
importance of A selection; see Section A.4 for a more detailed discussion.

Due to the competitive performance of LR, naturally we ask if our work provides
no additional benefit, and people only need to use LR. The answer is no. This is be-
cause training an SVM is generally faster than LR [7], partly due to the fact that LR
requires many expensive exponential and logarithmic operations [30]. In addition, recent
work [18] has shown that when using sparse features such as TF-IDF in linear methods,
logistic regression produces fully dense models. In contrast, SVMs can maintain similar
performance with much smaller model sizes by benefiting from feature sparsity. Our
improvement on probability estimation further makes SVM-based tree models a valuable
choice for large-scale applications.

6.3 Our Approach Makes the Tree-Based Linear Method a Stronger Baseline

It is worth emphasizing that the tree-based linear method is highly efficient in both
training and inference, making it an important baseline for large-scale applications. Our
approach in (21) maintains the efficiency of tree-based linear methods while signifi-
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[ P@l I P@3 [ Pes
Mimic-iii-8K
AttentionXML 86.80 80.03 7371

&L 3% &L 3% &L 3%
The approach (14) | —3.41 | —2.67 || —2.75 | —2.40 || —2.15 | —2.18
Our approach 21) | —1.63 | —1.48 || —2.33 | —2.35 || —1.64 | —2.13
Amazon-670K
AttentionXML 44.36 39.58 35.94
&L 3% &L 3% &L 3%

The approach (14) | —4.87 | —0.69 || —4.85 | —1.10 || —4.62 | —1.16

Our approach (21) | —2.87 | —0.45 || —2.73 | —0.79 || —2.47 | —0.85
Table 4: Relative P@1, P@3, and P@5 between AttentionXML and tree-based linear
methods on two data sets. That is, the results of linear methods are subtracted from those
of AttentionXML. The closest results of SVM-£ | and SVM-£, to AttentionXML under
two estimation approaches are denoted with bold text.

cantly closing their gap to powerful nonlinear methods. Table 4 presents the relative
performance gaps of the existing approach (14) and our approach (21) with respect to
AttentionXML [28], which is a well-known nonlinear method. By examining the results,
we observe that our enhanced approach (21) consistently reduces the gap between the
tree-based linear method and AttentionXML across all metrics. These results suggest that
the commonly used tree-based linear baseline has been underestimated due to the poor
probability estimation with (14). With our enhanced estimation, the tree-based linear
method serves as a much stronger baseline that future methods should be compared
against.

7 Conclusions

In this paper, we identify the damage from the unsuitable SVM probability estimation
(14) in most works of tree-based linear methods for XML. We further clarify the critical
issue of why those works do not consider the well-studied SVM probabilistic outputs
in (15). Subsequently, we list the properties for a suitable estimation and propose the
approach (21). Experiments show that our proposed probability estimation consistently
improves the performance of tree-based linear methods, which, as a result, become
stronger baselines for XML classification.
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A Supplementary Materials

A.1 Data Sets

Our experiments consider five real-world XML data sets: EUR-Lex-4K, Mimic-iii-8K,
AmazonCat-13K, Wikil0-31K, and Amazon-670K. Except for Mimic-iii-8K, these
datasets are obtained from the LIBSVM Data website.!! We preprocess all data sets into
sparse TF-IDF representations for document classification. The data sources are listed
below.

— EUR-Lex-4K: training set'? and test set.'3

— The raw data of Mimic-iii-8K is provided from [13]. We follow [21] to generate
the training and test sets, which are then transformed into TF-IDF format using the
scikit-learn [22] function with the default settings:

o lowercase: True.

analyzer: “word.”

stop_words: None.

token_pattern: r*“(?u)lblwiw+Ib”.

ngram_range: (1, 1).

max_df: 1.0.

min_df: 1.

max_features: None.

vocabulary: None.

binary: False.

norm: “12.”

use_idf: True.

smooth_idf: True.

e sublinear_tf: False.

— AmazonCat-13K: training set'* and test set.'3

— Wikil0-31K: training set'® and test set.!”

— Amazon-670K: training set'® and test set.!”

"M https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets

12https://www.csie.ntu.edu.tw/~cj1in/libsvmtools/datasets/multilabel/eurlex_
tfidf_train.svm.bz2

13https://www.csie.ntu.edu.tw/~cj1in/1ibsvmtools/datasets/multilabel/eurlex_
tfidf_test.svm.bz2

“ https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/
AmazonCat-13K_tfidf_train_ver1.svm.bz2

5 https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/
AmazonCat-13K_tfidf_test_verl.svm.bz2

1% https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/wiki1o_
31k_tfidf_train.svm.bz2

7 https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/wiki1o_
31k_tfidf_test.svm.bz2

¥ https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/
Amazon-670K_tfidf_train_ver1.svm.bz2

19https://www.csie.ntu.edu.tw/~cj1in/libsvmtools/datasets/mu1tilabel/
Amazon-670K_tfidf_test_verl.svm.bz2


https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/eurlex_tfidf_train.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/eurlex_tfidf_train.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/eurlex_tfidf_test.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/eurlex_tfidf_test.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/AmazonCat-13K_tfidf_train_ver1.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/AmazonCat-13K_tfidf_train_ver1.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/AmazonCat-13K_tfidf_test_ver1.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/AmazonCat-13K_tfidf_test_ver1.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/wiki10_31k_tfidf_train.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/wiki10_31k_tfidf_train.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/wiki10_31k_tfidf_test.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/wiki10_31k_tfidf_test.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/Amazon-670K_tfidf_train_ver1.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/Amazon-670K_tfidf_train_ver1.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/Amazon-670K_tfidf_test_ver1.svm.bz2
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multilabel/Amazon-670K_tfidf_test_ver1.svm.bz2
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Fig. 4: Sensitivity analysis of A over three data sets on P@ 1. Note that the x-axis shows
log,(—A) rather than log,(A), since A < 0.

A.2 Hyper-Parameter Search

It is well known that hyper-parameters are important in machine learning applications.
For tree-based methods, common hyper-parameters include K for label clustering and
the depth of the tree. In our experiments, we use the default settings provided by the
XML library LibMultiLabel?° for these hyper-parameters, except for the regularization
parameter \. The reason is that we found A plays a crucial role in model performance.
We will discuss this in more detail in Section A.4.

To perform hyper-parameter search in our experiments, we consider five-fold cross-
validation to optimize hyper-parameters with respect to each evaluation metric. After
determining the optimal hyper-parameters, we retrain the tree model on the full training
set and then evaluate its performance on the test set.

For our approach using (21) and the approach using (14), we select A from the
candidates:

{276,275,274 273 272 271 20 21 2%},

As our approach (21) introduces an additional hyper-parameter A, we consider the
candidate set:

{-16,-12, 10, —8, -7, =6, =5, —4, -3, —2.5, —2, —1.5, -1, —0.5, —0.25}.

A.3 Sensitivity of the Hyper-Parameter A

In this work, our approach (21) introduces a hyper-parameter A to estimate the probabil-
ity of SVM outputs. This subsection investigates the sensitivity of model performance to
the hyper-parameter A. Since the loss function & g does not require A for probability
estimation, we focus on &1 and & ;. For each value of A, we select the A that gives the
best test performance and record the results across different A. Figure 4 presents the
P@1 curves on three data sets to illustrate this comparison. For ease of presentation,
we plot the results against log,(—A). We first note that the performance is low when
—A is very small. As — A increases, the performance improves rapidly. However, when

2 https://www.csie.ntu.edu.tw/~cjlin/libmultilabel/
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(a) Mimic-iii-8K. (b) AmazonCat-13K. (c) Amazon-670K.

Fig. 5: Sensitivity analysis of A over three data sets on P@ 1. Note that the x-axis shows
logy(A).

— A becomes sufficiently large, the changes vary only slightly and the curves remain
stable. This indicates that the model is less sensitive to large values of — A. Therefore, in
practice, we do not need to consider many possible values of A. Instead, testing only a
few sufficiently large values of —A is enough, or equivalently, a few sufficiently small
values of A. For example, from Figure 4, we observe that setting —A > 2 (i.e., A < —2)
already yields competitive results across datasets.

A4 Sensitivity of the Hyper-Parameter A

In Section 6.2, we mentioned that LR can achieve comparable performance to SVMs
when hyper-parameter search is performed, an observation different from that in [24].
To better understand the impact of A, Figure 5 shows the relationship between P@1
and the regularization parameter \ for &g, &1, and & ». For &1 and &, we use the
A that gives the best test P@1 and then evaluate across different A\, while & g does
not involve A and is reported directly over A\. The P@1 curves clearly indicate that
model performance is highly sensitive to the choice of \. Take Amazon-670K as an
example. The difference in P@ 1 between the best and worst A values for & g reaches
up to 25%. Our experiments may be the first to systematically check the sensitivity of
A on tree-based linear methods, a step that has been largely neglected in prior works.
Building on the importance of tuning A and the demonstrated benefits of incorporating
hyper-parameter A in our approach, we can jointly optimize A and A to further enhance
model performance with comparable computational cost.

A.5 Why the Cost of Tuning (\, A) Can Be Similar to Tuning \ Alone

In Appendix A.4, we have shown that the regularization parameter A strongly affects
performance. Therefore, we should always consider tuning \ in tree-based linear methods.
In a typical hyper-parameter search, we train a model on the training set and evaluate the
model on a validation set. Importantly, whether we tune (A, A) jointly or A alone, only A
is used during training. The additional hyper-parameter A in (21) acts only on decision
values w” x and does not affect the learned weights w at any node in the tree-based
linear model.
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To clarify why the cost remains comparable, we now detail the cross-validation
procedure for tuning (A, A). For each A\, we perform the following steps on every
training/validation split in cross-validation:

(a) Model training. Train the tree-based linear model with the given \. For each binary
linear classifier involved in a tree-based linear model, as noted in [10], the training
cost is approximately

O (unz({zx | « € Dy}) - # training epochs) , (22)

where D, denotes the training set and nnz represents ‘“number of non-zeros.”

(b) Decision value caching. Compute and cache the decision values w”x on the
validation set Dy, across all nodes (i.e., classifiers). The cost of computing the
sparse dot products for one binary classifier is

O (unz ({x | ¢ € Dya})).

(c) Probability estimation. For each candidate A, transform the cached decision values
into probabilities using (21), and then aggregate these probabilities to produce
predictions. Since w” 'z is already computed in Step (b), the total computational
cost for each binary classifier is only

O(‘DvalD' (23)

Notably, Step (c) involves only post-processing and does not require retraining the
model. We simply reuse the cached scores obtained in Step (b) and apply lightweight
computations to evaluate different values of A. As shown in (22) and (23), the cost
of sweeping over A is significantly smaller than the cost of model training. Therefore,
tuning (A, A) avoids the computational bottleneck in Step (a), and the total cost remains
similar to tuning \ alone.
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