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Abstract In recent years, benefiting from the excellent performance and work efficiency of deep
neural networks (DNNs), machine learning technology has achieved great success in various

fields, such as natural language processing, computer vision, medical named entity recognition,
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and medical image analysis. In this field, multi-task learning (MTL) is based on the correlation
between similar tasks for learning transfer, enabling the model to still exhibit good generalization
performance in scenarios with insufficient data. In the past decade, most existing methods are
proposed for the balanced category distribution, and use accuracy-based metrics as the benchmark
evaluations. However, many practical applications, such as disease detection and spam, suffer
from imbalanced sample distributions, which causes the performance degradation of DNNs.
Furthermore, multi-task learning has high requirements for task relevance and is apt to the
negative transfer phenomenon. Specifically, when models learn to share knowledge among tasks,
the irrelevant knowledge may mislead the model training in the wrong direction. This process
would result in an unexpected dilemma while most existing methods cannot be effectively applied
in such scenarios. Hence, to address this learning problem, designing a multi-task learning
algorithm that can learn in imbalanced sample scenarios with low-correlation tasks is of paramount
importance to practical applications, as well as represents a critical machine learning challenge.
This paper proposes a multi-task AUC optimization method based on an adaptive low-rank Factor
Nuclear Norm minus Frobenuis Norm (FNNFN) regularizer to achieve robustness on imbalanced
and irrelevant data, doomed MTAUC-FNNFN. Firstly, the area under the ROC curve (AUC),
which is usually adopted as the measure for imbalanced distribution, is introduced for directly
reflecting the model performance among tasks. Considering the discontinuity and non-differentiability
of the loss function for AUC, this work establishes a novel multi-task learning algorithm for
AUC optimization, which greatly improves the AUC value in imbalanced scenarios. Meanwhile,
in order to effectively optimize, this method reconstructs the original pairwise AUC formulation
into an instance-wise minimax optimization problem, reducing the complexity of per-iteration
from O(Ln; +n;.—) to O(L(n; + +n;, —)). On top of this well-formed optimization objective, the
factor parameters could be easily updated with the gradient descent ascent method. For resisting
the negative effect of irrelevant tasks, this paper further introduces an adaptive low-rank regulari-
zation term FNNFN to eliminate negative transfer phenomena in multi-task learning and improve
the generalization performance of the model. Specifically, penalizing the small singular values
empirically equates to dropping the trivial data. In this case, this low-rank structure remains the
relevant information within the matrix parameters for sharing knowledge. For the purpose of
achieving a comprehensive assessment, we make a comparison between the proposed method and
other methods including multi-task learning methods, AUC optimization methods, and low-rank
representation methods. For fairness, we uniformly apply them to multi-task datasets and
estimate their performance with the AUC metric. A series of experimental results of our method
on four simulated datasets and three actual datasets, LLandmine, MHC-I, and USPS, consistently

demonstrate the effectiveness of our proposed algorithm.

Keywords multi-task learning; AUC optimization; low-rank representation
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5.3 xfkbAZE

TEAS T o AR SO IR IR 45 1 24T 55 2 ) I
I AUC AL S35 4 1) — F 5% b 7 3 % 4 SC 4
T VR IR T S H A BRI 2 A AR SR AR 38 U iR
2 (MSE) 1 2k F AUC 452 PR DL 351 2% oA B4R s
T—RFIN . I E 50N FNNFN 4
VE IE U0 B 5, AR SCRT 4 s = A>T MSE (1% %)
H o 2 i

HUT 5 0,315 % (STL-MSE-L.2) .

n
argmin 2/("") W) +7, o (W
w; i=1 :

ZAE % 0,722 (MTL-MSE-L2) ;

1
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(L DB AP 20T I35 3 (9 76 38 70 s » A 3¢
SEAE Landmine $48 58 b (9 32 9200 T HoAb w4
otk BRI 3R 3 By R WL B 1Y A5
FLRCHE AR (9 AN - 7 3 A g AR ORI I A 15 31 S Y
WA iy AUC it 72 T i » i 2 H At 7 3 45 21
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a7 ISR TR S 5 LA 4R
Landmine MHC-1 USPS Simul Simu2 Simu3 Simu4
STL-MSE-1.2 68.2+0.00 77.4+0.00 97.94+0.00 93.440.00 93.740.00 90. 3+0. 00 88.1+0.01
MTL-MSE-L2 65.4+2.09 86.2£0.59 94.0£1.00 95.8+0. 16 95.5+0. 16 94.740. 12 87.940.23
MTL-MSE-LowRank 67.84£0.91 91.8+0.14  96.3£0.71 99. 1£0. 00 99.1£0.01 99.040. 05 91.340. 17
STL-AUC-L2 70.3+0.51  76.740.17 84.2+4.32 97.940. 10 98.240.06 98. 640. 04 98.140. 25
MTL-AUC-1.2 69.3+2.68 85.7+2.36 66.8+4.13 95.740.01 96.14+0.03 95.4+0.09 89.3+0.10
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F 4 & AUC 4L 5% A 517 e B 3 b
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Landmine MHC-1 USPS Simu
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Ori3 4.7215 2.1543 1. 3438 19. 9120
Ours 0.2423 0. 1557 0. 0875 1. 9657
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BB AN R W B B A D
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ERTiA R A P RESRA AR A SO AR S
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Background

In recent years, machine learning has developed rapidly
and achieved brilliant results. However, it is well-known
that the success of machine learning relies on a large number
of data to a considerable extent. In some scenarios, it might
be hard to collect enough data for model training. To address
this problem, multi-task learning (MTL) has attracted the
attention of many researchers. To be specific, MTL methods
aim to share knowledge among multiple tasks, thereby
improving the model performance on each task. Compared
with traditional algorithms, MTL is capable of utilizing the
intrinsic relationships among related tasks and thus relies less
on large-scale datasets. What’s more, it has been proved
that the MTL classifier has a more impressive generalization
performance than being trained via the general method named
single-task learning (STL). Hence, in the past decade,
MTL has been applied to various kinds of areas such as
natural language processing, computer vision, medical named
entity recognition, medical image analysis and so forth.

Although MTL can present outstanding performance in
sharing knowledge, it is not always true among unrelated
tasks. When the multi-task model shares irrelevant knowledge,
it could produce a serious performance degradation with a
known as

high probability. This notorious phenomenon,

“negative transfer”, has received widespread attention.
Specifically, when the model studies and shares irrelevant
knowledge. the negative transfer probably misleads the
trained model in the wrong direction. In view of this, the
regularization operation of the parameters of the multi-task
model becomes the major idea of researchers. Among these
approaches, the low-rank approach, as an effective kind of
rank minimization method, has achieved numerous successes
in recent MTL studies. One key assumption behind low-rank
MTL algorithms is that the number of singular values of zero
in parameters is almost equivalent to the number of irrelevant
knowledge. Meanwhile, the number of singular values of
non-zero determines the rank of the parameter matrix.

Hence, to inhibit the negative transfer, it becomes natural to

penalize the small singular values to zero and keep several
main singular values. And empirical results also demonstrate
that this low-rank structure encourages sharing related
knowledge and ignoring unrelated tasks.

As low-rank MTL develops further, the standard for it
has gradually grown higher. In some real-world applications,
like rare disease detection and risk content identification, it is
a common case that only imbalanced training data are available.
While existing low-rank MTL methods generally focus on
classifying balanced data. The rise of recognition require-
ments for imbalanced data makes prior arts in this direction
hard to perform well. To solve this problem, some researchers
introduce the Area Under the ROC curve (AUC) metric to
MTL and have gained a few achievements in minimizing the
AUC loss. It is well-known that AUC is insensitive to label
distribution, and this appealing property determines that
AUC can be a more appropriate performance metric under
imbalanced scenarios. To the best of our knowledge, there
still exist few studies that study low-rank algorithms for
multi-task AUC learning. When we add the AUC to general
MTL simply, the model still possibly tends to produce a few
negative transfer problems so that making the generalization
performance of models slump. Thus, it gives us a reason to
seek a low-rank multi-task AUC learning method to satisfy
the classification tasks with both insufficient and imbalanced
data.

However, directly replacing the original pointwise loss
with the AUC loss might induce an unfavorable efficiency
issue. Specifically, the per-iteration complexity can reach
O(Ln; +n;.— ), where L is the number of tasks and n, « » n;.—
are the number of positive/negative samples in the i-th task,
respectively. To handle this problem, we further introduce a
novel reformulation of the AUC loss, where the pairwise terms
are replaced with a pointwise optimization problem. On top of
this, the overall complexity decreases to OCL (n;,+ +n;, — ).

In the end, we achieve an efficient multi-task AUC learning

algorithm based on an adaptive low-rank approach.



