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ABSTRACT

Noise is a pervasive issue in recommendation systems, which
can stem from user behaviors that do not align with their in-
tentions. As a result, noise reduction has become a promi-
nent area of research in the field of recommendation systems.
However, existing noise reduction techniques in recommen-
dation tend to compromise the performance of certain task
objectives. Moreover, they require modifying the structure of
the model, which introduces inference latency and additional
space cost. In this paper, we propose a straightforward yet
powerful approach, Multi-layer Tensor trace Norm (MTN),
to address noise-related challenges. Our method achieves this
by promoting information sharing across different tasks using
tensor trace norms. By leveraging norms, MTN effectively
reduces noise without modifying the model’s structure or in-
curring substantial time and space complexities. Extensive
experiments on public datasets and generated noisy datasets
demonstrate the effectiveness of MTN on several of the most
popular multi-task models.

Index Terms— Multi-task learning, recommendation,
noise reduction, low-rank

1. INTRODUCTION

Recommendation systems are widely used for personal-
ized information filtering in online services such as E-
commerce [1], social media [2], and instant video. Fur-
thermore, the concept of multi-task learning is extensively
applied to various tasks to address the issue of data spar-
sity [3, 4, 1].

However, recommendation models face significant chal-
lenges in capturing true user intent due to the pervasive pres-
ence of noisy interactions [6]. For instance, many user clicks
are driven by curiosity rather than indicating their positive
views towards the products. Additionally, there are instances
where an item is exposed to users, but they do not pay atten-
tion to it, resulting in user not interacting with the potentially
user-interested item.

Fig. 1. CTR, CTCVR and CVR task (see details in Section
2.1) performance degradation of the MMoE [5] model under
different noise proportions.

Multi-task learning can effectively leverage shared knowl-
edge among tasks, thereby mitigating the impact of noise on
each individual task. However, existing multi-task learning
models are susceptible to noise interference. Figure 1 demon-
strates that as the proportion of noisy samples increases, the
performance of CTR, CVR, and CTCVR prediction tasks is
significantly affected.

Unfortunately, there are currently limited researches on
addressing the noise issue in multi-task recommendation
models, and the few existing methods tend to compromise
the performance of certain objectives within the multi-task
framework [1]. For example, CSTWA [1] pays more atten-
tion to the latent structure information and incorporates a
sample weight assignment algorithm biased towards CVR
modeling to alleviate the interference caused by introducing
a large number of CTR samples. However, although CSTWA
partially alleviates the noise issue in multi-task recommen-
dation models, it only focuses on a specific objective within
the multi-task framework and fails to achieve consistent im-
provement across multiple objectives.

To address this issue, we propose to introduce low-rank
regularization methods into the multi-task recommendation
framework. Low-rank regularization methods are commonly

5270979-8-3503-4485-1/24/$31.00 ©2024 IEEE ICASSP 2024

IC
A

SS
P 

20
24

 - 
20

24
 IE

EE
 In

te
rn

at
io

na
l C

on
fe

re
nc

e 
on

 A
co

us
tic

s, 
Sp

ee
ch

 a
nd

 S
ig

na
l P

ro
ce

ss
in

g 
(I

C
A

SS
P)

 | 
97

9-
8-

35
03

-4
48

5-
1/

24
/$

31
.0

0 
©

20
24

 IE
EE

 | 
D

O
I: 

10
.1

10
9/

IC
A

SS
P4

84
85

.2
02

4.
10

44
59

73

Authorized licensed use limited to: Huazhong University of Science and Technology. Downloaded on January 12,2025 at 09:58:36 UTC from IEEE Xplore.  Restrictions apply. 



used in image denoising tasks [7, 8, 9], for they can iden-
tify the structures more robust to noise. Tensor Trace Norm
(TTN) is a low-rank regularization commonly used in multi-
task learning of computer vision field [10, 11, 12]. We believe
TTN can reduce the noise impact of multi-task recommenda-
tion models.

In summary, we propose the Multi-layer Tensor trace
Norm (MTN) method to integrate TTN into multi-task mod-
els for recommendation. MTN improves the performance of
all tasks and the robustness against noise by enhancing the
sharing of common knowledge among task-specific parame-
ters. Our method introduces only a few additional parameters
and does not add any extra inference latency. Moreover, it
can be applied to many multi-task recommendation models.

To evaluate the effectiveness of our method, we applied
MTN to MMoE [5], ESMM [3] and Shared-bottom [4] mod-
els. Experimental results on public datasets demonstrate the
enhancement of the aforementioned models by our method.
We conducted extensive experiments to further highlight the
advantages of our method.

The contributions of our work are as follows:
• To the best of our knowledge, our work is the first to

apply tensor trace norm to multi-task recommendation
systems in order to improve model performance and re-
duce the impact of noisy samples.

• The experimental results demonstrate that our MTN
method can generally enhance the performance of sev-
eral most popular multi-task models and mitigate the
impact of noise on all tasks.

• Through extensive experiments, we demonstrated that
applying tensor trace norm to task-specific parameters,
as well as multilayer structures , leads to a greater im-
provement in model performance.

2. METHODOLOGY

2.1. CTR, CVR and CTCVR prediction tasks

Our definitions of CTR, CVR and CTCVR follow the work by
Ma et al [3]. In a real-world purchasing session, user actions
follow a pattern of impression −→ click −→ conversion.
The click-through rate (CTR) task aims to predict the proba-
bility from impression to clicking. The click-through & con-
version rate (CTCVR) task aims to predict the probability
of from impression to clicking and subsequently conversion.
The conversion rate (CVR) task aims to predict the probabil-
ity from impression to conversion. According to dependency
among tasks, CVR can be calculated from the following for-
mula:

PCV R = PCTCV R/PCTR. (1)

2.2. Tensor Trace Norms

TTN is a generalization of matrix trace norm to higher dimen-
sional spaces. To calculate tensor trace norm, a tensor should

Fig. 2. Architecture of MTN method

be unfolded to a matrix. Inspired by the work of Zhang et al
[10], we defined TTN of parameter tensor W , ∥|W|∥∗, as:

∥|W|∥∗ =
∑

s⊂[p],s ̸=∅

αs

∥∥W{s}
∥∥
∗ , (2)

W{s} = reshape

(
permute(W, [s,¬s]),

[∏
i∈s

di,
∏
j∈¬s

dj

])
,

(3)
where [p] denotes all possible combinations of dimension

indexes, s represents a nonempty subset of [p], ¬s represents
the complement of s with respect to [p]. Through reshaping
the tensor and permuting the dimensions (d in Formula 3),
Formula (3) can flatten the high-dimensional tensor into a
two-dimensional matrix. , Formula (2) then uses the sum of
singular values of the matrices as matrix trace norm, weighted
by αs, to obtain the trace norm of the tensor. In our experi-
ments, αs is a non-negative learnable parameter, and satisfies
the condition

∑
s⊂[p],s̸=∅ αs = 1.

2.3. Multi-layer Tensor Trace Norms

As shown in Figure 2, MTN is employed on all the layers of
task-specific structures, such as task towers. The steps to use
MTN method are as follows:

First, calculate the regular norm of layer i, Ri. We stack
all the layers of depth i from different task towers to com-
pose a high-dimensional tensor Wi

stack. After forward prop-
agation, each stacked parameter tensor calculates the regular
norm Ri through Formula (4), where the ∥|Wi

stack|∥∗ can be
calculated by Formula (2). ∥|Wi

stack|∥F represents the Frobe-
nius norm, which can prevent the extremely unbalanced learn-
ing of αs in Formula (2).

Ri = ∥|Wi
stack|∥∗ + ∥|Wi

stack|∥F , (4)

min
Θ

m∑
i=1

1

ni

ni∑
j=1

l
(
fi
(
xi
j ;Θ

)
, yi

j

)
+ λ

1

nl

nl∑
i

Ri. (5)
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Table 1. Comparison of baseline models combined with MTN method. Each experiment was repeated ten times, the average
was taken as metric. ”*” indicates that the improvement of baseline after applying MTN method is statistically significant at
p-value<0.05 over paired t-test, ”**” indicates the p-value<0.01

AliExpress NL AliExpress ES AliExpress US Ali-CCP

CTR CVR CTCVR CTR CVR CTCVR CTR CVR CTCVR CTR CVR CTCVR

MMoE 0.7258 0.7934 0.8616 0.7281 0.8313 0.8901 0.7061 0.8310 0.8751 0.6187 0.6739 0.6521
+MTN 0.7267 0.7951∗ 0.8630∗ 0.7303∗ 0.8304 0.8912∗ 0.7058 0.8326∗ 0.8763∗ 0.6198∗ 0.6768∗∗ 0.6548∗

ESMM 0.7259 0.7946 0.8620 0.7288 0.8331 0.8916 0.7065 0.8357 0.8765 0.6157 0.6656 0.6471
+MTN 0.7252 0.7966∗ 0.8634∗ 0.7306∗ 0.8323 0.8926∗ 0.7082∗ 0.8324 0.8770 0.6170∗ 0.6748∗∗ 0.6559∗∗

Shared-bottom 0.7245 0.7939 0.8605 0.7291 0.8231 0.8903 0.7053 0.8312 0.8749 0.6144 0.6416 0.6268
+MTN 0.7259∗ 0.7950∗ 0.8620∗ 0.7311∗ 0.8316∗∗ 0.8924∗ 0.7076∗∗ 0.8326∗ 0.8773∗∗ 0.6159∗ 0.6520∗∗ 0.6289∗∗

After computing the norm Ri of all layers, the objective
function is obtained by combining Ri with the cross-entropy
loss of labels, as shown in Formula (5). In Formula (5), m
represents the number of tasks, and ni represents the number
of samples, l represents cross entropy loss, fi represents the
network, nl represents the number of the layers with TTN, λ
is a hyperparameter controlling regularization degree.

In Formula (5), we utilize the average of Ri as the opti-
mization objective. We also explored using learnable weights
or gating networks to control the weights of Ri. However,
both approaches suffered from training instability issues. In-
stead, using the average of Ri or applying exponential decay
weights to Ri resulted in better model performance. In our
experiments, we used the average of Ri as optimization ob-
jective.

3. EXPERIMENTAL SETUP

3.1. Dataset and Metrics

We conducted our experiments on two public datasets, AliEx-
press dataset [13] and Ali-CCP dataset [3]. AliExpress is
a dataset gathered from real-world traffic logs of the search
system in a global e-commerce platform. Based on the dif-
ferent countries where the traffic data is collected, the dataset
is divided into multiple sub-datasets, categorized as AliEx-
press NL, AliExpress ES and AliExpress US. Ali-CCP is a
dataset gathered from real-world traffic logs of the recom-
mender system in Taobao, which has over 42 million records.
For each dataset, we randomly selected 20% of the training
data as the validation set.

We utilized Area Under the Curve (AUC) as the evalua-
tion metric for CTR, CVR and CTCVR prediction tasks, each
experiment was repeated 10 times, and the average of these
results was taken as the final metric. We employed early-
stop training, the training process stopped if AUC of CVR
decreased for 3 consecutive epochs.

We conducted experiments on both original datasets and
generated noisy Ali-CCP dataset. To experiment with the de-
noising effect of the MTN method under defferent noise pro-
portions, we sequentially selected 5%, 10% and 15% of the

samples to add noise. For each noisy sample, there was a
20% probability for each feature to be replaced by another
valid value of that feature.

3.2. Baselines and Methods

To test the generalization ability of our method, we conducted
experiments on the following popular multi-task models:

MMoE [5]: MMoE contains multiple sharing bottom,
named experts. Every expert is expected to output from dis-
tinctive perspective. For each task, MMoE assigns a specific
gating network to generate the corresponding weights for
the expert networks. The weighted representations are then
inputted into the task-specific towers.

ESMM [3]: This model includes shared embedding layer,
and two separate task-specific towers for CTR task and CVR
task. It leverages the sequential dependency between tasks to
model the entire sample space.

Shared-bottom [4]: The Shared-bottom model consists
of a shared bottom network and task-specific towers.

3.3. Experiments Implement

Our experiments were implemented based on the open-source
recommendation library MTReclib 1 [14, 15]. The hyper-
parameters of the model architectures followed the same as
those in the MTReclib. We did not employ batch normaliza-
tion layer and dropout layer, and used TTN as the only regular
norm. After tuning on validation dataset, the hyperparameter
λ mentioned in section 3 was set to 1e-5 .

4. RESULTS AND ANALYSIS

Analysis 1: The generalization ability of MTN over mod-
els. We found MTN can enhance the performance of all base-
lines over all datasets mentioned in Section 3.1 after apply-
ing MTN method on the task towers of baseline models. In
Table 1, all bold data indicates that models combined with
MTN method outperform the baselines. For the AliExpress

1https://github.com/easezyc/Multitask-Recommendation-Library
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Table 2. The performance of baseline models after applying MTN method under different noise proportions. ”*” indicates that
the improvement is statistically significant at p-value <0.05 over paired t-test, ”**” indicates the p-value <0.01

Noise Proportion 0.05 0.10 0.15

CTR CVR CTCVR CTR CVR CTCVR CTR CVR CTCVR

MMoE 0.6171 0.6584 0.6451 0.6169 0.6555 0.6438 0.6168 0.6508 0.6399
+MTN 0.6183∗ 0.6669∗∗ 0.6520∗∗ 0.6182∗ 0.6591∗ 0.6454∗ 0.6177 0.6582∗∗ 0.6444∗∗

ESMM 0.6166 0.6665 0.6459 0.6162 0.6547 0.6421 0.6164 0.6534 0.6315
+MTN 0.6204∗∗ 0.6732∗∗ 0.6537∗∗ 0.6180∗ 0.6626∗∗ 0.6468∗∗ 0.6172 0.6601∗∗ 0.6456∗∗

Shared-bottom 0.6167 0.6582 0.6355 0.6155 0.6539 0.6314 0.6159 0.6502 0.6306
+MTN 0.6188∗ 0.6640∗∗ 0.6406∗∗ 0.6180∗∗ 0.6585∗∗ 0.6371∗∗ 0.6171∗ 0.6586∗∗ 0.6365∗∗

dataset, most of the baselines show improvements in various
metric, with the highest improvement of 2.4 per mille points
observed in AUC. There are only a few metrics that show a
decrease, with not significant performance losses. For the Ali-
CCP dataset, all metrics show significant improvements.

Specifically, for the Shared-bottom model, which is the
backbone of many popular multi-task models, all tasks
showed improved AUC across all datasets, indicating that
our method has strong generalization capabilities.

Analysis 2: The performance of models combined with
MTN method on noisy dataset. We applied the method
mentioned in Section 3.1 to introduce noise into the Ali-CCP
dataset, and the baseline performance after applying MTN un-
der different noise proportions is shown in Table 2.

According to Table 2, the MTN method demonstrates bet-
ter robustness against noise across all tasks when combined
with all baselines.

After combined with MTN method, all baseline models
show significant improvement on CTCVR and CVR predic-
tion tasks, the maximum improvement can reach up to 1.4
percent of AUC.

CTR prediction tasks of all baselines shows smaller
improvement under the current noise proportion. As the
noise proportion further increases, the MTN method shows a
greater improvement.

Analysis 3: Adopting MTN on shared parameters and
single layer. We observed that applying the MTN method to
shared parameters or a single layer does not yield the same
level of effectiveness as when applied to task-specific param-
eters and multiple layers.

We compared the performance of applying MTN to the
shared experts of the MMoE model and the task-specific tow-
ers. The results show that when MTN is applied to task-
specific parameters, all metrics show improvement compared
to the baseline. However, when applied to the shared experts,
some metrics decrease.

We hypothesize that this phenomenon may result from
MTN making the output logits of the individual experts more
similar, thereby reducing their specificity. To validate this hy-
pothesis, we visualized the outputs of the mentioned experts.
Figure 3 shows the Euclidean distance between the outputs of

the 8 experts. It can be observed that when MTN is applied to
the experts, the outputs tend to converge towards each other,
while when applied to the towers, the experts are able to learn
more distinct information.

Fig. 3. Heatmap of difference between experts output
after adopting MTN on MMoE towers and experts, (a):
MTNexpert, (b): baseline, (c): MTNtower

To test the effect of applying TTN on a single layer, we
conducted experiments on an MMoE model with two-layers
tower. When TTN is applied on single layer, the metrics of
CTR and CTCVR tasks decrease significantly. We speculate
that applying TTN to a single layer may interfere with the
outputs of other layers.

5. CONCLUSION

In this paper, we propose a simple but effective method,
MTN, to enhance information sharing among multiple tasks
thereby improve model performance and noise resilience.
Through empirical studies, we have found that MTN is gen-
erally effective for many popular multi-task models, and im-
proves the performance of all tasks. For better performance,
it is recommended to apply tensor trace norm to multiple
layers of task-specific parameters.
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