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ABSTRACT

In the era of big data, eXtreme Multi-label Classification (XMC) has
already become one of the most essential research tasks to deal with
enormous label spaces in machine learning applications. Instead
of assessing every individual label, most XMC methods rely on
label trees or filters to derive short ranked label lists as prediction,
thereby reducing computational overhead. Specifically, existing
studies obtain ranked label lists with a fixed length for prediction
and evaluation. However, these predictions are unreasonable since
data points have varied numbers of relevant labels. The greatly
small and large list lengths in evaluation, such as Precision@5 and
Recall@100, can also lead to the ignorance of other relevant labels
or the tolerance of many irrelevant labels. In this paper, we aim
to provide reasonable prediction for extreme multi-label classifica-
tion with dynamic numbers of predicted labels. In particular, we
propose a novel framework, Model-Agnostic List Truncation with
Ordinal Regression (MALTOR), to leverage the ranking properties
and truncate long ranked label lists for better accuracy. Extensive
experiments conducted on six large-scale real-world benchmark
datasets demonstrate that MALTOR significantly outperforms sta-
tistical baseline methods and conventional ranked list truncation
methods in ad-hoc retrieval with both linear and deep XMC models.
The results of an ablation study also shows the effectiveness of each
individual component in our proposed MALTOR.
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Six Benchmark Datasets
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Figure 1: Illustration of average truncation positions with
best F1 scores in the testing sets of six datasets based predic-
tion derived by well-trained XR-LINEAR models [27].

1 INTRODUCTION

Extreme multi-label classification (XMC) is a machine learning
task to obtain relevant labels from an enormous space for a data
input. With more and more large-scale machine learning applica-
tions coming into our sight, XMC has already become one of the
most indispensable research problems, and has benefits various
disciplines, such as e-commerce [7], search engine [6], biology [23],
medicine [5], and public health [29]. With more than a decade of re-
search progress, state-of-the art XMC approaches can not only learn
satisfactory XMC models with one-versus-rest methods [2, 3, 25, 27]
and deep learning [26, 28], but also efficiently derive prediction
for a data input based on hierarchical label trees [13, 19, 27] and
label filters [16, 18]. However, using beam search [27] and label
filtering [18], most of the existing XMC methods only support to
provide a truncated ranked list as relevant labels with a fixed (and
usually short) length, thereby potentially ignoring many relevant
labels and resulting unreasonable prediction.

Figure 1 depicts the illustration of average truncation positions
with best F1 scores, which simultaneously consider precision and
recall of relevant labels, for prediction of well-trained XMC mod-
els. The small fixed length K = 5 represents a comparative cutoff
that is widely used in evaluation of XMC [27] and recommender
systems [12] to ensure high precision. Obviously, some datasets,
such as Wiki10-31K and Amazon-3M, fairly favor to keep more
labels while others have different preferences. This not only shows
how evaluation and inference processes of previous studies using a
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fixed small cutoff is unreasonable, but also demonstrates the need
of choosing different truncation positions or datasets. Moreover,
the other observation is that the variance of best truncation posi-
tions is also huge, even for data in the same dataset. Any shared
and fixed truncation position could fail to serve all instances in the
dataset. In other words, the length of the truncated ranked list for
every instance should be dynamically decided to obtain satisfactory
prediction and secure those relevant labels under the iceberg.

In this paper, the framework, Model-Agnostic List Truncation
with Ordinal Regression (MALTOR), is proposed to address the
above challenges for arbitrary XMC models and their prediction.
Given a trained XMC model and a testing data input, we first utilize
the encoder in the model to derive the data representation. For
candidate positions, we consider the predictive scores inferred by
the model as position features. After concatenating the data rep-
resentation and position features as truncation features, we treat
the task of list truncation as an ordinal regression problem. Finally,
we conduct experiments to demonstrate the effectiveness of MAL-
TOR for both linear and deep XMC models. We also demonstrate
the capability of each individual component and feature set in an
ablation study.

In literature, to the best of our knowledge, none of the existing
XMC studies focus on dynamic prediction lengths during inference.
In other fields, some studies [1, 24] attempt to determine the number
of predicted classes in traditional multi-label classification, but they
cannot be easily applied to XMC. Ranked list truncation in ad-
hoc retrieval can be considered a line of related work. Lien et al.
[15] propose a deep learning framework, BiCut, to predict the best
truncation position based on recurrent neural networks. Bahri et al.
[4] and Wu et al. [22] further improve the approach by leveraging
the Transformers and attention mechanism [20]. However, these
methods cannot be directly applied into XMC since most XMC
problems have no label features. Although positive instance feature
aggregation (PIFA) [27] can be a feasible solution to derive label
features, these features can be incapable of precisely representing
the labels. Moreover, these methods treat the task as a multi-class
classification problem to identify the best cutoff without considering
the ordinal relations among positions. In our experiments, we treat
ranked list truncation methods in ad-hod retrieval as comparative
baseline methods.

2 REASONABLE PREDICTION FOR XMC

In this section, we first formally define the task of reasonable pre-
diction for XMC as ranked list truncation in this paper, and then
introduce our proposed framework, Model-Agnostic List Trunca-
tion with Ordinal Regression (MALTOR), as shown in Figure 2. The
data input x is first extracted as the data representation ry. The
truncation features uy are then derived by concatenating the data
representation ry and K model predictive scores over the top-K
positions. Based on the truncation features u,, MALTOR applies
the ordinal regression model to determine the truncation position k
for reasonable prediction.

2.1 Problem Statement

Suppose we have a well-trained XMC model M(x) and a testing
data x. We aim to deliver reasonable prediction by deciding a best
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Figure 2: Illustration of our proposed MALTOR framework.

truncation position k € K = {1, ..., K} from long enough K candi-
date positions so that the target metric based on the remaining top-k
labels can be as satisfactory as possible. Note that target metrics can
be arbitrary measurements based on different applications. Specifi-
cally, in this work, we follow related work in ad-hoc retrieval [4]
to focus on F1 scores at k (F1@k) and discounted cumulative gain
at k (DCG@k) as:

2 X Precision@k X Recall@k

Fl@k =
@ Precision@k + Recall@k

rel;

k
DCG@k= > —
; log,(i+1)

where Precision@k and Recall@k state the percentage of relevant
labels in the top-k labels and their coverage over all relevant labels;
rel; = 1 if the i-th label is relevant; otherwise, rel; = —0.5 plays as
a penalty for each irrelevant label.

2.2 Truncation Features

MALTOR extracts useful features for list truncation from two per-
spectives, including data and prediction.

Data Representation. For the data perspective, we leverage the
encoder in the XMC model M, such as tfidf vectorizers and BERT
in linear and deep XMC models, to derive data representation ry

Model Predictive Scores. For the prediction perspective, we utilize
the model predictive score s¥ = M(x); of each position i as a
feature where M(x); is the predictive score for the i-th label; scores
> sy > -+ 2 sg are also descending as ranking results.

Finally, the ultimate truncation features u, can be obtained by
concatenating the data representation and model predictive scores

i 3 — R o c o X
of all position candidates as uy = {rx,s1 Do ,sK}.

1

2.3 List Truncation via Ordinal Regression

Different from conventional list truncation methods that optimize
multi-class classification, MALTOR leverages the ordinal relations
among candidate positions by treating the task as an ordinal re-
gression problem [21]. Note that numerical forms of positions
could be large integers from 1 to K and make regression-based
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models[17] unstable. Instead, we estimate the cumulative proba-
bility Pr(k > i | x) [11] with model weights w; and 6; to for each
position i as:

K

Pr(k >i|x) = Z Pr(k=j|x)=

Jj=i+l

1
1+exp(wiTuy — 6;)’

M

where 1 < i < K—-1;60; < --- < 0g_; are ascending to justify
the cumulative property. Without losing ordinal information of
positions, the marginal probability Pr(k = i | x) for every position
i can be computed as:

Pr(k=i|x)=Pr(k>i—-1]|x)—-Pr(k>i]x),

where Pr(k = 1) =1 —Pr(k > 1) and Pr(k = K) = Pr(k > K) are
two special cases. Finally, MALTOR derives the predicted truncation
position k can be computed as

k = argmax Pr(k = i).
i

2.4 Mislabeling Costs and Optimization

To optimize model weights, we follow previous studies [8, 14] to
consider a mislabeling cost matrix C € REXK  where Cy ; is the
cost of predicting the truncation position k as i. Intuitively, farther
mispredictions deserve higher costs, so Cy, ; would satisfy a V-shape,
such as absolute (|k — i|), and squared (|k — i|?) costs. Moreover, the
ordinal regression problem with V-shaped costs can be reduced to
a binary classification problem about the cumulative probabilities
described in Eq (1). Specifically, w; Tuy — 0; can be reduced into
0; TwTuy — 0;, where w is a block weight sparse mautrix combining
{w; | 1 £ j < K} in a diagonal manner; iy tiles the features u, K
times for computations; o; is an one-hot vector with the i-th bit.

TuEOREM 2.1. (Li and Lin [14]) If the costs Cy.; are V-shaped, the
ordinal regression task is equivalent to a binary classification task
that learns Pr(k > i | x) with adjusted costs c; = |Cy; — C it1l-
Learned 0; will be also ordered if the loss is non-increasing to 0;.

Based on Theorem 2.1, we solve a linear L2-SVM [10] with L2-
regularization with the overall loss £ as:

K-1
A
L= Z Z [Ck,i max (0,1 — yxi - (Wi Tux — 0;))% + E”Wi”z ,

{x,ux,k}eD i=1

where O is a training dataset for list truncation; yx; € {+1, -1}
indicates if k > i for x; A is a hyper-parameter.

2.5 Theoretical Analysis

The theoretical generalization bound of MALTOR can be also shown
in Theorem 2.2, and demonstrate our reduction can well generalize.

THEOREM 2.2. Let ¢y = Cy 1 + Cr k; (x, k) are drawn i.i.d. from
a distribution P(x, k) on X x K. If Cy. ; are V-shaped, there exists a
distribution P on (X, Y) such that MALTOR’s generalization error is

E Cgi<c E [Yf(X)]
(xk)~P ™ (X,Y)~P
where X encodes (x,i); f(x,1) = w; Tux —0;; ¢ = maxy [Cy 1 +C k|

Y is the binary label in the loss function L.
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Proor. Since C ; are V-shaped and ¢ = Zgi_ll Ck.i» we have

K-1
Cop < D b M ymif (21 <01 =i+ B Llyeif ().

i=1

P(x, Yx,i) then can be constructed by drawing (x, k, i) from P and
P;(i | k) so that the generalization error of MALTOR is

E C;:;< E ¢ -E 1 if(x,i) <0
(xk)~P Kk (xk)~P k <Py [Yax,if (x,0) ]
<c- E  1lyxif(xi) <0].
(x,yx,i)NP

3 EXPERIMENTS
3.1 Experimental Settings

Datasets. In this paper, we adopt six public benchmark extreme
multi-label text classification datasets [26], including Eurlex-4k,

Wiki10-31K, Amazon-670K, AmazonCat-13K, Wiki-500K, and Amazon-

3M. The training datasets in the original partitions are utilized to
train XMC models. We randomly split the testing datasets in the
original partitions into 80% and 20% instances to train and test
MALTOR and baselines. Table 1 shows the detailed statistics of
datasets.

XMC Models. To verify MALTOR can be applied to arbitrary XMC
models, we adopt XR-LINEAR [27] and XR-TRANSFORMER [28]
as the state-of-the-art linear and deep XMC models. We follow
the original papers to obtain well-trained XMC models with satis-
factory performance in conventional evaluation. The features of
XR-LINEAR are tfidf vectors while XR-TRANSFORMER utilizes
BERT [9] as a text encoder to derive representations.

Baselines. We compare MALTOR against four statistical baseline
methods and two neural ranked list truncation approaches in ad-
hoc retrieval. Fixed-1 and Fixed-10 use 1 and 10 as a shared and
fixed cutoff. Greedy-K adopts a greedy strategy on training data to
determine a fixed truncation position. Similarly, Greedy-Threshold
makes the decision based on a fixed threshold of model predictive
scores. For neural ranked list truncation methods, BiCut [15] and
Choppy [4] represent deep learning approaches using recurrent
neural networks and Transformers [20]. For these two sequential
neural methods, we apply the PIFA method [27] to aggregate fea-
tures of positive instances as label features.

Implementation Details. The number of the candidate positions
K is 100. For all methods, including MALTOR and baselines, we
fine-tune all hyper-parameters to obtain best performance and
have fair comparisons. Specifically, for MALTOR, we conduct a
grid search on A € {27°,..., 2%} with a 5-fold cross-validation to
determine the best A and train MALTOR with the entire training
set. We choose the absolute costs C ; = [k — j| as the mislabeling
costs in optimization.

3.2 Experimental Results

Overall Performance. Table 2 shows the performance of different
methods on six dastasets with two different XMC models. Inter-
estingly, Greedy-K and Greedy-Threshold are very competitive
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Dataset | Eurlex-4K  Wiki10-31K  Amazon-670K AmazonCat-13K  Wiki-500K  Amazon-3M
Nirain 3,092 5,292 122,420 245,425 615,536 594,005
Ntest 883 1,324 30,605 61,357 153,885 148,502
d 186,104 101,938 135,909 203,882 2,381,304 337,067

Table 1: Statistics of six experimental datasets. ny,i, and niest are the numbers of training and testing datasets. d is the dimension

of tfidf feature vectors.

Eurlex-4K Wiki10-31K AmazonCat-13K Amazon-670K Wiki-500K Amazon-3M
Method F1 DCG F1 DCG F1 DCG F1 DCG F1 DCG F1 DCG
XR-LINEAR
Oracle 0.6909 1.7911 0.412 2.1072 | 0.8339 2.155 0.4339  0.8322 0.5599 1.0968 0.3409  2.4347
Fixed-1 0.2711 0.7419 | 0.0910 0.7440 | 0.3810 0.8883 | 0.1442 0.1606 0.2934  0.4978 0.0471 0.1914
Fixed-10 0.4900 1.0095 | 0.3301 1.5137 | 0.4985 1.2118 | 0.2997 -0.3217 | 0.3026 -0.0708 | 0.1771 0.4105
Greedy-K 0.5740 1.3953 | 0.3386 1.5691 0.6383 1.6500 | 0.3239  0.2220 0.3540 0.5945 0.2288  0.2655
Greedy—Threshold 0.5330 1.3555 | 0.3134 1.5406 | 0.6842 1.7369 | 0.2882 0.5107 0.3944  0.7652 0.2169 1.3234
BiCut [15] 0.4883 1.1859 | 0.2439 1.295 0.5956 1.4957 | 0.2790 0.1538 0.3749 0.6077 0.1220  0.4835
Choppy [4] 0.5166 1.2889 | 0.3386 1.2673 | 0.6501 1.6500 | 0.3437 0.1337 0.3666 0.4521 0.2368 0.4914
MALTOR 0.5764 1.4508 | 0.3413 1.6062 | 0.6638 1.7240 | 0.3368 0.4920 | 0.4213 0.7814 | 0.2435 1.2510
XR-TRANSFORMER
Oracle 0.7107 1.8946 | 0.4250 2.2764 | 0.8636 2.2946 | 0.4333 0.8920 0.6061 1.3206 0.2975 1.9501
Fixed-1 0.2827  0.7885 | 0.0945 0.7825 | 0.3961 0.9350 | 0.1533 0.2023 0.3382 0.6362 0.0558  0.2674
Fixed-10 0.4961 1.0952 | 0.3547 1.7376 | 0.5149 1.3511 0.2976  -0.2892 | 0.3186 0.1326 0.2011 0.7059
Greedy-K 0.5860 1.5032 | 0.3590 1.7585 | 0.6834  1.7921 | 0.3212  0.2649 | 0.4288 0.8173 | 0.2073  0.6904
Greedy-Threshold 0.5473 1.4598 | 0.3299 1.6934 | 0.6863 1.7957 | 0.2872 0.5592 0.4482 0.9760 0.1826 1.2303
BiCut [15] 0.5088 1.3050 | 0.2530 1.4057 | 0.6202 1.6183 | 0.2883 0.2191 0.4219 0.8212 0.1416  0.5328
Choppy [4] 0.5441 1.4073 | 0.3539 1.3098 | 0.6834 1.6845 | 0.3088 0.2023 | 0.4382 0.8362 | 0.2061 0.5633
MALTOR 0.6038 1.5687 | 0.3647 1.7930 | 0.7035 1.8904 | 0.3368 0.4920 | 0.4757 1.0109 | 0.2367 1.2573

Table 2: Performance of different methods on six datasets with XR-LINEAR and XR-TRANSFORMER XMC models. Oracle
indicates the upperbound performance with the ground truth truncation positions.

baseline methods, although they are statistical approaches using
fixed cutoffs.

Neural ranked list truncation approaches (i.e., BiCut and Choppy)
have unstable performance across different datasets and XMC mod-
els. This can be because PIFA features can be incapable of precisely
representing the labels. As our proposed framework, MALTOR
significantly outperforms all baseline methods in all datasets and
target metrics with both linear and deep XMC models, except the
F1 score in Amazon-670K with XR-LINEAR.

Ablation Study. Figure 3 shows the performance changes in F1
and DCG on four datasets after removing each component and each
feature set from MALTOR. If a component is more important, the
performance loss after its removal would be also huger. For the
F1 metric, ordinal regression is the most important components.
This is because ordinal regression obtains ordering knowledge. In
contrast, predictive scores play the most impactful role for the DCG
metric. The reason could be that these scores can be helpful to
detect irrelevant labels ranked in high positions to avoid penalty
in the DCG metric. The only negative impact is made by ordinal
regression for DCG on the Amazon-670K dataset. It could be because
the average truncation positions with best DCG on Amazon-670K
is only 2.1+ 2.6 so that the model only needs to focus on top-ranked
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Figure 3: Perofrmance changes after removing each com-
ponent and features from MALTOR. OR, PS, DR abbreviate
ordinal regression, predictive score, and data representation,
respectively.

labels. The ordinal information about relations among all positions
can introduce more noises in this case.

Cost Selection. The mislabeling cost matrix Cy ; plays an impor-
tant role in both task reduction and optimization. Table 3 shows
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Dataset Fl DCG

Absolute Squared | Absolute Squared

Eurlex-4K 0.5764 0.5685 1.4508 1.4342
Wiki10-31K 0.3413 0.3401 1.6062 1.5959

Amazon-670K 0.6638 0.6592 1.7240 1.6991
AmazonCat-13K | 0.3368 0.3258 0.4920 0.4921
Wiki-500K 0.4213 0.4114 0.7814 0.7655
Amazon-3M 0.2435 0.2386 1.2510 1.1894

Table 3: Performance of MALTOR with absolute and squared
costs as mislabeling costs Cj ;.

the performance of MALTOR with absolute costs Cy ; = |k — i| and
squared costs Cy; = |k — i|%. We can see that absolute costs lead to
more satisfactory performance in most of the datasets, compared
to squared costs. This can be because the number of candidate posi-
tions K is 100 so that squared costs could be too sensitive to weigh
both close and far mispredictions. As a result, we choose the abso-
lute costs to formulate the mislabeling cost matrix for optimization.

4 CONCLUSION

In this paper, we are the first study to tackle unreasonable prediction
for conventional eXtreme Multi-label Classification (XMC) meth-
ods that usually only consider a fixed and short length for ranked
label lists. To conduct reasonable prediction, we propose the novel
framework, Model-Agnostic List Truncation with Ordinal Regres-
sion (MALTOR), to derive ranked label lists with dynamic lengths
for different data inputs. We first leverage ordinal regression to con-
sider relations among labels. By using V-shaped mislabeling costs,
we reduce the task of ordinal regression into an extended binary
classification problem with a theoretically guaranteed generaliza-
tion bound. Experimental results on six benchmarks demonstrate
that MALTOR not only can be applied to any XMC models and
prediction, but also significantly outperforms statistical and neural
baseline methods. We also show the effectiveness of each compo-
nent and feature set in MALTOR with an in-depth ablation study.
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