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ABSTRACT

For better performance and less resource consumption,multi-scenario

recommendation (MSR) is proposed to train a unifiedmodel to serve

all scenarios by leveraging data from multiple scenarios. Current

works in MSR focus on designing effective networks for better in-

formation transfer among different scenarios. However, they omit

two important issues when applying MSR models in industrial

situations. The first is the efficiency problem brought by mixed

data, which delays the update of models and further leads to perfor-

mance degradation. The second is that MSR models are insensitive

to the changes of distribution over time, resulting in suboptimal

effectiveness in the incoming data. In this paper, we propose an

incremental learning approach for MSR (IncMSR), which can not

only improve the training efficiency but also perceive changes in

distribution over time. Specifically, we first quantify the pair-wise

distance between representations from scenario, time and time-

scenario dimensions respectively. Then, we decompose the MSR

model into scenario-shared and scenario-specific parts and apply

fine-grained constraints on the distances quantified with respect to

the two different parts. Finally, all constraints are fused in an elegant

way using a metric learning framework as a supplementary penalty

term to the original MSR loss function. Offline experiments on two

real-world datasets are conducted to demonstrate the superiority

and compatibility of our proposed approach.
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1 INTRODUCTION

Large-scale commercial platforms typically contain multiple scenar-

ios to meet the diverse user groups. For example, a video-sharing

platform may have dozens of scenarios including homepage, search

discovery, guess what you like and etc. Within each scenario, users

explore content driven by their individual motivations, exhibiting

diverse user behaviors that reflect their interests. Conventional rec-

ommendation systems (RS) collect these behaviors from different

scenarios and apply Single-Scenario Recommendation (SSR) which

builds individual models for each scenario with data only from

the corresponding scenario. This approach is inefficient due to the

large number of models to maintain and is prone to sparsity issues

when data is scarce in certain scenarios. To address these issues,

Multi-Scenario Recommendation (MSR) [40] has been proposed. MSR

builds a unified model that leverages data from multiple scenarios,

improving efficiency, mitigating sparsity issues, and utilizing trans-

ferable information from various scenarios, thereby enhancing the

effectiveness of multiple scenarios simultaneously. Consequently,

MSR has gained wide adoption in real-world commercial RS.

Existing works in MSR [3, 25, 28, 33, 37] focus on better informa-

tion transfer among different scenarios in the Batch mode, where

the model is trained on a fixed-size window of training data. How-

ever, this approach faces two problems. Firstly, utilizing all data

from multiple scenarios can construct comprehensive user profiles

but degrades efficiency, hindering capturing the latest user prefer-

ences [34]. Secondly, these MSR models can not generalize well on

the incoming data, because the data volumes and distributions of

different scenarios change over time [18].

Incremental Learning [8, 20, 21, 36] has been proposed as a po-

tential solution to the aforementioned issues encountered in SSR,

updating models using only incoming data and based on the pre-

vious model. However, existing incremental learning methods in

SSR can hardly be applied to MSR due to their inability to capture

distribution changes across different scenarios. Figure 1 illustrates
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Figure 1: Illustration of different transfers over scenario, time

and time-scenario dimensions.

the information transfer of MSR models in the Incremental mode.

Specifically, when the MSR models update from step 𝑡 − 1 to step

𝑡 , there are three dimensions of information transfer. 1)Transfer

between different scenarios at the same time step (scenario dimen-

sion). Different from batch mode, the impact of data imbalance

between different scenarios is more serious when updating mod-

els with only incoming data. 2)Transfer between different time

steps of the same scenario (time dimension). As the data comes

incrementally, the distribution of the same scenario may change

drastically. 3)Transfer between different scenarios at different time

steps (time-scenario dimension). The incoming data of one scenario

can degrade the existing shared parameters, which had been up-

dated by the historical data from other scenarios. The coexistence

of these three dimensions of information transfer makes it chal-

lenging to apply existing incremental algorithms to MSR models.

Although some work addresses class-incremental transfer issues

in computer vision [6, 13, 35], the research on achieving effective

MSR in incremental mode remains limited.

In this paper, we propose IncMSR, a practical incremental learn-

ing approach for multi-scenario recommendation, which resolves

the transferability issues over three dimensions in a unified way.

We first quantify the pair-wise distance between representations

in the scenario, time and time-scenario dimensions. Then, we de-

compose the MSR model into scenario-shared and scenario-specific

parts, considering that the scenario-shared representations should

contain relatively general and stable information for all scenarios

while the scenario-specific representations should be more sensitive

to the changes of scenario and time. Then we apply fine-grained

constraints on the distances derived from the representations with

respect to these two parts. Finally, all constraints are elegantly

fused based on metric learning framework and as a supplemen-

tary penalty term to the original MSR loss function. The overall

operations are conducted in an end-to-end manner.

The main contributions of this work are summarized as follows:

• To the best of our knowledge, it is the first work to achieve

the multi-scenario recommendation in incremental mode.

• We analyze the specific issues and challenges in the incre-

mental multi-scenario recommendation and propose IncMSR,

a practical approach that quantifies distances between rep-

resentations from three dimensions and applies fine-grained

constraints on the distances quantified over two decomposed

parts. Finally, we optimize the incremental MSR model in an

end-to-end manner.

• The proposed IncMSR is model-agnostic and lightweight,

which provides a supplementary penalty term to the orig-

inal MSR loss function without increasing the number of

parameters or model complexity.

• Experiments over two public datasets demonstrate the effec-

tiveness and efficiency of our proposed approach.

2 RELATEDWORK

2.1 Incremental Learning

Incremental learning (IL) has been proposed in SSR to improve

the efficiency of model updates and to make the model adapt more

quickly to the latest distribution. Existing IL methods can be broadly

classified into three categories. Replay-based methods [9, 22] store

historical data to maintain the memory. Regularization-based meth-

ods [8] introduce regularization terms to preserve prior knowledge.

Model-based methods [20, 21] extract knowledge from historical

models. SPMF [32] maintains historical data and combines it with

new observations to update the model and make recommendations.

IncCTR [34] consists of three decoupled modules to construct train-

ing data, handle features and fine-tune the model parameters. SML

[36] transforms the old model to a new model via a neural network-

based transfer learning component during training. However, the

aforementioned works do not take into account the problem of

multi-scenario recommendation, while our proposed IncMSR in-

corporates designs for transferring in multiple dimensions.

2.2 Multi-Scenario Recommendation

Multi-scenario recommendation optimizes all scenarios jointly by

transferring information among them. It can be regarded as a spe-

cial case of multi-task learning, where each scenario is viewed as

a task. HMoE [15] utilizes Multi-gate Mixture-of-Experts [19] to

model distinctions and commonalities among multiple scenarios in

the latent space implicitly. SAR-Net [24] proposes a unified multi-

scenario architecture that facilitates transfer across the scenario

dimension by incorporating scenario-specific user behaviors with

attention modules. STAR [25] adopts a star topology framework

consisting of one central network that maintains scenario-shared

commonalities and a set of scenario-specific networks to distin-

guish scenario distinctions. However, existing models suffer from

the efficiency problem caused by the mixed data, resulting in de-

layed model updates and performance degradation. What’s more,

MSR models are insensitive to distribution changes over time.

2.3 Metric Learning

Metric learning aims to learn a suitable metric function to measure

and compare the similarity and dissimilarity of feature distribu-

tions [26, 38]. CML [10] minimizes the Euclidean distance between

users and items for fine-grained user preference. LRML [29] uti-

lizes a memory-based attentive network explicitly to induce latent

relations. DML [16] exploits bidirectional latent relations between

users and items to transfer information across scenarios. Due to

the capacity to capture important relationships among data, metric

learning can be applied to quantify the distance between different

distributions. IncMSR designs constraints frommultiple dimensions

for both scenario-shared and scenario-specific representations and

leverages metric learning to enhance information transfer.
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Figure 2: Comparison between Batch Mode (a) and Incremental Mode (b) for training MSR models: Batch Mode trains Model 1

from scratch with fixed window-size data, while Incremental Mode trains Model 1 using only incoming data based on Model 0.

3 PRELIMINARY

Existing MSR models typically learn a unified model in batch mode,

which utilizes a fixed-size window of training data for iterative

model training (Figure 2(a)). However, batch mode suffers from long

training time due to the large data volume within each window. In

contrast, incremental mode trains the model using only incoming

data and the previous model, resulting in more efficient updates. As

shown in Figure 2(b), "Model 0" as the initialized model, is trained

using data of scenarios 1-3 from day 1 to day 7. Then, at the first

incremental step, "Model 1" is trained based on the previous model

"Model 0" and only data from day 8 is used.

In the context of IncMSR, we take (𝑡, 𝑥,𝑦, 𝑑) as input, where 𝑥 is

the common feature used by multiple recommendation scenarios

like user historical behavior, user profile feature, item feature and

context feature. As we focus on the click-through rate (CTR) task,

𝑦 ∈ {0, 1} is the label for each interaction indicating click or not.

𝑑 ∈ {1, 2, ..., 𝑁 } is the scenario indicator that indicates the scenario

of the corresponding interaction. 𝐷𝑡,𝑑 represents data collected

from scenario 𝑑 at incremental step 𝑡 .
MSR models can be categorized into two main structures: hard

parameter sharing and soft parameter sharing. Given input common

features 𝑥𝑡 ∈ 𝐷𝑡 from multiple scenarios, we can obtain scenario-

shared representations 𝑧𝑎
𝑡,𝑑

and scenario-specific representations

𝑧𝑠
𝑡,𝑑

for the 𝑑-th scenario from scenario-shared layers and scenario-

specific layers, respectively.

𝑧𝑎𝑡,𝑑 = 𝑥𝑡,𝑑𝑊
𝑎
𝑡 + 𝑏𝑎𝑡

𝑧𝑠𝑡,𝑑 = 𝑧𝑎𝑡,𝑑𝑊
𝑠
𝑡,𝑑 + 𝑏𝑠𝑡,𝑑

(1)

where𝑊 𝑎
𝑡 , 𝑏𝑎𝑡 ,𝑊 𝑠

𝑡,𝑑
, 𝑏𝑠

𝑡,𝑑
denote learnable weights and bias terms

for scenario-shared and scenario-specific layers, respectively.

4 METHODOLOGIES

4.1 Overall Framework

IncMSR is first initialized with batch model 𝑀0, which is regarded

as the warm-start model, and then updates subsequent models

using only the incoming data and based on the previous model.

An overview of IncMSR is shown in Figure 3(a). During model

updates using data from day 𝑡 , we first obtain 𝑧𝑎
𝑡−1,𝑑

and 𝑧𝑠
𝑡−1,𝑑

from previous model 𝑀𝑡−1, and then extract 𝑧𝑎
𝑡,𝑑

and 𝑧𝑠
𝑡,𝑑

from cur-

rent training incremental model 𝑀𝑡 . We apply different constraints

on the scenario-shared and scenario-specific layers inspired by

the metric learning objective to resolve transferability issues over

three dimensions in a unified way. The idea behind this is that the

scenario-shared representations should contain relatively general

and stable information for all scenarios while the scenario-specific

representations should be more sensitive to the changes of scenario

and time. All constraints are fused into a unified formulation and act

as a supplementary penalty term to the existing MSR loss function,

without increasing the number of parameters or model complexity.

4.2 Distance Quantification

Figure 3 (b) shows the distribution of CTR across four distinct sce-

narios over 13 consecutive days on the KuaiRand[5] dataset. A large

shift in CTR can be found across scenarios and timestamps. Existing

MSR models do not model these shifts and thus are insensitive to

the changes of distribution over scenario and time dimensions.

Since calculating distributions directly with respect to scenarios

and time is challenging, we quantify distances at the representation

level. Eq. 2 gives the general definition of the distance function,

where 𝑧𝑡,𝑑𝑖 is the representation of a specific scenario 𝑖 at incre-
mental step 𝑡 . The two different representations are obtained from

either scenario-shared layers or scenario-specific layers, depending

on the imposed constraints in each dimension.

D(𝑧𝑡,𝑑𝑖 , 𝑧𝑡 ′,𝑑𝑗 ) � 𝑑 (𝑧𝑡,𝑑𝑖 , 𝑓 (𝑧𝑡 ′,𝑑𝑗 ) ) (2)

Here, 𝑑 represents a similarity distance function, and for conve-

nience, we employ the Euclidean distance. The summary function

𝑓 is applied to 𝑧𝑡 ′,𝑑 𝑗
to compute summary statistics of the repre-

sentation of scenario 𝑗 at incremental step 𝑡 ′, e.g. compressing the

representation into a real number with the commonly used squeeze

functions such as max or mean methods [11, 12]. Specifically, we

apply the mean pooling as the summary function:

𝑓 (𝑧𝑡 ′,𝑑𝑗 ) =
1

𝑛

𝑛∑
𝑘=1

(𝑧𝑡 ′,𝑑𝑗 )𝑘 (3)

4.3 Transfer over Scenario dimension

It is common to observe imbalanced label distributions, resulting in

significant differences in average CTR values between different sce-

narios. To enhance information transfer across multiple scenarios

in incremental mode, we design constraints for the scenario-shared

and scenario-specific layers.

Scenario-shared layers are responsible for capturing common

information across scenarios, and scenario-specific layers are dedi-

cated to capturing scenario-specific characteristics. For the shared

layers, we try to decrease the distance between scenario-shared

representations, which aims at improving transferability and gen-

eralization across scenarios. On the other hand, for the scenario-

specific layers, we increase the distance between scenario-specific
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Figure 3: (a) Overview of IncMSR architecture with 𝑡 indicating the incremental step. 𝑥𝑡 is fed into previous model 𝑀𝑡−1 to

obtain representations from shared and scenario-specific layers. 𝑥𝑡 is also used to update the current model 𝑀𝑡 to obtain the

updated representations. (b) CTR distribution of 4 scenarios over 13 consecutive days on the KuaiRand dataset [5].

representations to make them more discriminative for distinct sce-

narios. The distance between scenario-shared representations is

computed as follows:

D(𝑧𝑎𝑡,𝑑𝑖 , 𝑧
𝑎
𝑡,𝑑𝑗

) =
√
(𝑧𝑎

𝑡,𝑑𝑖
− 𝑓 (𝑧𝑎

𝑡,𝑑𝑗
) )𝑇 (𝑧𝑎

𝑡,𝑑𝑖
− 𝑓 (𝑧𝑎

𝑡,𝑑𝑗
) ) (4)

Similarly, the distance between scenario-specific representations

is calculated as:

D(𝑧𝑠𝑡,𝑑𝑖 , 𝑧
𝑠
𝑡,𝑑𝑗

) =
√
(𝑧𝑠

𝑡,𝑑𝑖
− 𝑓 (𝑧𝑠

𝑡,𝑑𝑗
) )𝑇 (𝑧𝑠

𝑡,𝑑𝑖
− 𝑓 (𝑧𝑠

𝑡,𝑑𝑗
) ) (5)

4.4 Transfer over Time dimension

In incremental learning, we ensure effective incorporation of new

user behaviors, items and other changes that occur over time while

maintaining prior knowledge from previous incremental step. To

address catastrophic forgetting[17], we minimize the distance be-

tween step 𝑡 − 1 and 𝑡 in scenario-shared representations for the

same scenario 𝑖 (Eq. 6). This preserves the stability of shared repre-

sentations over time and ensures transferability.

D(𝑧𝑎𝑡−1,𝑑𝑖 , 𝑧
𝑎
𝑡,𝑑𝑖

) =
√
(𝑧𝑎

𝑡−1,𝑑𝑖
− 𝑓 (𝑧𝑎

𝑡,𝑑𝑖
) )𝑇 (𝑧𝑎

𝑡−1,𝑑𝑖
− 𝑓 (𝑧𝑎

𝑡,𝑑𝑖
) ) (6)

Scenario-specific layers extract the scenario-specific representa-

tions, which can change differently over time according to different

scenarios. As a result, we do not apply constraints over the scenario-

specific layers.

4.5 Transfer over Time-Scenario dimension

When information is migrated from one scenario to another in

incremental mode, we cannot only consider the migration of infor-

mation from the scenario or time dimension independently but also

the impact of the coexistence of two-dimensional migration. To ad-

dress this, we propose a constraint for cross-dimensional migration.

Specifically, we quantify the distance between the scenario-specific

representation of scenario 𝑖 at step 𝑡 − 1 and scenario 𝑗 at step 𝑡 :

D(𝑧𝑠𝑡−1,𝑑𝑖 , 𝑧
𝑠
𝑡,𝑑𝑗

) =
√
(𝑧𝑠

𝑡−1,𝑑𝑖
− 𝑓 (𝑧𝑠

𝑡,𝑑𝑗
) )𝑇 (𝑧𝑠

𝑡−1,𝑑𝑖
− 𝑓 (𝑧𝑠

𝑡,𝑑𝑗
) ) (7)

The distance is designed to be maximized so that IncMSR can

capture the distinctions between scenarios at different time steps

and thus is more sensitive to changes in the distribution along

with time and scenarios. The scenario-shared representations are

aligned in the aforementioned dimensions and thus are not taken

into account in the time-scenario dimension.

4.6 Metric Learning Based Optimization

Metric learning-based optimization aims to improve the model’s

discriminative power by constructing a suitable metric function,

such as MMD [2], to effectively capture the similarity and dissimi-

larity between different distributions. In our case, we utilize metric

learning to facilitate the information transfer over scenario, time

and time-scenario dimensions. By employing metric learning, we

minimize positive distances (scenario-shared representations) and

maximize negative distances (scenario-specific representations).

Our goal is to minimize the distance between 𝑧𝑎
𝑡,𝑑

which contains

relatively general and stable information for all scenarios, while

maximizing the distance between 𝑧𝑠
𝑡,𝑑

which should be more sensi-

tive to the changes of time and scenario. We fuse these constraints

in a unified formulation and denote the metric-based loss 𝐿𝑀𝐿 as:

𝐿𝑀𝐿 = −1
∑

𝑑𝑖 ∈𝐷\𝑑𝑗

𝑙𝑜𝑔
𝑒𝑥𝑝 (D (𝑧𝑎𝑡−1,𝑑𝑖

, 𝑧𝑎𝑡,𝑑𝑖
) + D(𝑧𝑎𝑡,𝑑𝑖

, 𝑧𝑎𝑡,𝑑𝑗
) )

𝑒𝑥𝑝 (D (𝑧𝑠
𝑡−1,𝑑𝑖

, 𝑧𝑠
𝑡,𝑑𝑗

) + D(𝑧𝑠
𝑡,𝑑𝑖

, 𝑧𝑠
𝑡,𝑑𝑗

) )
(8)

Besides, due to the different data volumes in different scenarios,

scenarios with larger volumes of data may dominate the entire

training process. We rescale the original D in Eq. 2 by a factor of

1/𝑁𝑡,𝑑𝑖 , where 𝑁𝑡,𝑑𝑖 represents the data volume of scenario 𝑖 at
incremental step 𝑡 , and the 𝐿𝑀𝐿 will be updated accordingly.

D′ (𝑧𝑡,𝑑𝑖 , 𝑧𝑡 ′,𝑑𝑗 ) =
D(𝑧𝑡,𝑑𝑖 , 𝑧𝑡 ′,𝑑𝑗 )

𝑁𝑡,𝑑𝑖

(9)

𝐿𝑀𝐿 = −1
∑

𝑑𝑖 ∈𝐷\𝑑𝑗

𝑙𝑜𝑔
𝑒𝑥𝑝 (D′ (𝑧𝑎𝑡−1,𝑑𝑖

, 𝑧𝑎𝑡,𝑑𝑖
) + D′ (𝑧𝑎𝑡,𝑑𝑖

, 𝑧𝑎𝑡,𝑑𝑗
) )

𝑒𝑥𝑝 (D′ (𝑧𝑠
𝑡−1,𝑑𝑖

, 𝑧𝑠
𝑡,𝑑𝑗

) + D′ (𝑧𝑠
𝑡,𝑑𝑖

, 𝑧𝑠
𝑡,𝑑𝑗

) )
(10)

Finally, we incorporate the metric learning-based loss 𝐿𝑀𝐿 into

the cross entropy loss 𝐿𝐶𝐸 to enhance information transfer from

multiple dimensions for both scenario-shared and scenario-specific

representations. The hyper-parameter 𝜆 balances these different

losses. The overall objective function is formulated as:

𝐿 = 𝐿𝐶𝐸 (𝑌,𝑌 ) + 𝜆𝐿𝑀𝐿 + R (11)

𝐿𝐶𝐸 (𝑌,𝑌 ) =
∑
𝑦𝑖 ∈𝑌

𝐿𝐶𝐸 (𝑦𝑖 , 𝑦𝑖 ) (12)

𝐿𝐶𝐸 (𝑦, 𝑦̂) = −𝑦𝑙𝑜𝑔𝑦̂ − (1 − 𝑦)𝑙𝑜𝑔 (1 − 𝑦̂) (13)
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Algorithm 1 Training protocol in the t-th incremental step

Input: features of incoming data 𝑋𝑡 ; labels of incoming data 𝑌𝑡 ;
existing model 𝑀𝑡−1

Output: Model 𝑀𝑡

1: Initialize: 𝐿 = 𝑀𝑎𝑥𝐼𝑛𝑡 ; 𝑒𝑝 = 0; Initialize 𝑀𝑡 based on 𝑀𝑡−1

2: Θ← feature embeddings using [34] ∪ network parameters

3: for epochs do

4: 𝑧𝑎
𝑡−1,𝑑

, 𝑧𝑠
𝑡−1,𝑑

← 𝑀𝑡−1 (𝑋𝑡 ) by Eq. 1

5: 𝑧𝑎
𝑡,𝑑

, 𝑧𝑠
𝑡,𝑑

← 𝑀𝑡 (𝑋𝑡 ) by Eq. 1

6: 𝑀𝑡 = 𝑇𝑟𝑎𝑖𝑛_𝑤𝑖𝑡ℎ_𝐼𝑛𝑐𝑀𝑆𝑅(𝑋𝑡 , 𝑌𝑡 , 𝑧
𝑎
𝑡−1,𝑑

, 𝑧𝑠
𝑡−1,𝑑

, 𝑧𝑎
𝑡,𝑑

, 𝑧𝑠
𝑡,𝑑

,Θ)

7: end for

8: Return: 𝑀𝑡

9:

10: Train_with_IncMSR:

11: 𝑌𝑡 = 𝐼𝑛𝑓 𝑒𝑟𝑒𝑛𝑐𝑒 (𝑀𝑡 , 𝑋𝑡 )

12: Compute 𝐿𝑀𝐿 (𝑧
𝑎
𝑡−1,𝑑

, 𝑧𝑠
𝑡−1,𝑑

, 𝑧𝑎
𝑡,𝑑

, 𝑧𝑠
𝑡,𝑑

) by Eq. 10

13: Compute cross entropy loss 𝐿𝐶𝐸 (𝑌𝑡 , 𝑌𝑡 ) by Eq. 12

14: 𝑀𝑡 ← argmin
Θ

(𝐿𝐶𝐸 (𝑌,𝑌 ) + 𝜆𝐿𝑀𝐿 + R)

15: ep += 1

where 𝑌 and 𝑌 denote the ground-truth and outputs of the model,

respectively, and R denotes the regularization term. The overall

algorithm is summarized in Algorithm 1.

5 EXPERIMENTS

In this section, we present experiments conducted on two datasets

to answer the following questions:

• RQ1: What is the performance of IncMSR compared with

baseline models?

• RQ2:How compatible is IncMSR with existing MSR models?

• RQ3: How does the information transfer over three dimen-

sions affect the performance?

5.1 Experimental Setting

5.1.1 Dataset and Evaluation Protocols. We conduct extensive ex-

periments on industrial and public datasets respectively, and both

are collected from real-world commercial platforms.

• KuaiRand [5]. This dataset is collected from the recommen-

dation logs of a video-sharing mobile app, Kuaishou. Each

log contains comprehensive side information including ex-

plicit user IDs, interaction timestamps, and rich features for

users and items. The dataset consists of 13 days of interac-

tions logs from 2022-04-09 to 2022-04-21. We take attribute

tab as the indicator of scenarios. Since the top four scenarios

account for more than 96% of the total data volume, we select

the top four scenarios in the dataset.

• Taobao.1 This dataset is released by Alimama, an online

advertising platform in China. Ad display/click logs from

2017-05-06 to 2017-05-13 are used. Following [4], we filter

the samples of which user profile is missing, and then divide

the dataset into 4 scenarios according to 𝐶𝑖𝑡𝑦_𝑙𝑒𝑣𝑒𝑙 .

Both datasets contain multiple scenarios and samples for several

consecutive days, allowing us to perform daily incremental updates

1https://tianchi.aliyun.com/dataset/dataDetail?dataId=56

for multi-scenario recommendation. We use the 𝑐𝑙𝑖𝑐𝑘 as the target

label. The statistics of the two datasets are shown in Table 1.

We apply the most commonly-used AUC (Area Under Curve)

and logloss (cross-entropy) as our evaluation metrics for measure-

ment of model performance. For industrial applications, even 0.1%

improvement on AUC is significant [7, 39].
Table 1: The percentage of instances and average click-

through rate (CTR) of each scenario.

Dataset KuaiRand Taobao

Scenario #0 #1 #2 #4 #1 #2 #3 #4

Percentage 13.64% 75.92% 3.57% 6.87% 10.26% 44.32% 25.20% 20.22%
CTR 9.20% 52.97% 48.00% 61.96% 5.04% 5.12% 5.06% 5.11%

5.1.2 Baselines and Implementation Details. To demonstrate the

effectiveness and compatibility of the proposed framework, we

compare IncMSR with three groups of models.

• Batch-single. Batch-single models are trained with data

from a specific scenario using batch mode. Without loss

of generality, we use a SOTA deep CTR model DCN [31]

as backbone model. We train the batch model on the data

in a fixed-size window [𝑠, 𝑠 + 𝜔), 𝑠 ∈ [0,𝑇 − 𝜔]. Batch-𝑖 (
𝑖 ∈ {0, 1, 2, 3, 4}) represents the models with 𝑖 days’ delay at

iteration 𝑖 . Specifically, Batch-0 corresponds to the model

trained on data from a specific scenario within the initial

window [0, 𝜔).

• Batch-multi. Batch-multi models are multi-task or multi-

scenario models trained on data from all scenarios using

batch mode. These methods jointly utilize samples from all

scenarios for training. SharedBottom [23] shares parameters

at bottom layers, and a specific three-layer fully-connected

network is built for each scenario based on the shared pa-

rameters. PLE [27] is a state-of-the-art multi-task model that

explicitly separates task-shared experts and task-specific ex-

perts and adopts a progressive routing mechanism to extract

and separate deeper semantic knowledge gradually. STAR

[25] is a state-of-the-art multi-scenario recommendation

model that proposes a star topology structure consisting of

shared and scenario-specific networks.

• Incremental-single. Incremental-single models are trained

on data from a specific scenario in incremental mode. With-

out loss of generality, we select IncCTR [34] as the base-

line for comparison. Because it is a classic incremental CTR

method that consists of three decoupledmodules to construct

data, handle features, and fine-tune model parameters.

All incremental competitors adapt warm-start, which first train

a model with batch mode on data in [0, 𝜔), then update the subse-

quent models with only the data from the incoming day. We use

adam [14] as the optimizer for all models and set the embedding

size as 10. For each dataset, their settings are as follows.

• KuaiRand settings. 𝜔 is set to 7, 𝑇 is set to 13. For batch

mode and increment mode, learning rate is tuned from [1e-3,

1e-4], batch size is set to 2000. The weight of 𝐿𝑀𝐿 is tuned

from [1e-1, 1e-2, 1e-3].

• Taobao settings. 𝜔 is set to 3, 𝑇 is set to 8. For batch mode,

learning rate is set to 1e-3, batch size is set to 2000. For

increment mode, learning rate is is set to 1e-4, batch size is

set to 5000. The weight of 𝐿𝑀𝐿 is tuned from [1e-1, 1e-2].
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Table 2: Performance comparison of single-scenario andmulti-scenario recommendationmodels in batch and incrementalmode

on the KuaiRand dataset. Batch-0 is the warm-start model. Comparisons are conducted between batch mode and incremental

mode, e.g., Batch-1 vs. Incre-1. Boldface denotes the highest score. ★ represents significance level p-value < 0.05 over AUC.

Scenarios Metrics
Batch-single(DCN) Incremental-single(IncCTR)

Batch-0 Batch-1 Batch-2 Batch-3 Batch-4 Batch-5 Batch-6 Incre-1 Incre-2 Incre-3 Incre-4 Incre-5 Incre-6

#0
AUC 0.6801 0.6907 0.6601 0.5983 0.6187 0.5873 0.5726 0.6937 0.6698 0.6384 0.6741 0.6480 0.6248

Logloss 0.3169 0.2840 0.2856 0.2938 0.2861 0.2738 0.2645 0.2847 0.2813 0.2829 0.2709 0.2705 0.2611

#1
AUC 0.7089 0.7037 0.6949 0.6869 0.6749 0.6666 0.6521 0.6988 0.6925 0.6973 0.6924 0.6941 0.6947

Logloss 0.6189 0.6184 0.6287 0.6463 0.6498 0.6701 0.6887 0.6211 0.6270 0.6284 0.6352 0.6328 0.6308

#2
AUC 0.6857 0.6977 0.7012 0.7080 0.6509 0.5998 0.6067 0.6951 0.7055 0.7229 0.7211 0.6862 0.6773

Logloss 0.6893 0.6964 0.6903 0.6843 0.6945 0.6898 0.6880 0.6940 0.6897 0.6842 0.6923 0.6865 0.6830

#4
AUC 0.6429 0.6452 0.6651 0.6464 0.6056 0.5968 0.6153 0.6438 0.6616 0.6599 0.6315 0.6493 0.6354

Logloss 0.6213 0.6150 0.6076 0.6513 0.6638 0.6672 0.6568 0.6186 0.6091 0.6356 0.6525 0.6455 0.6496

Scenarios Metrics
Batch-multi(SharedBottom) IncMSR(SharedBottom)

Batch-0 Batch-1 Batch-2 Batch-3 Batch-4 Batch-5 Batch-6 Incre-1 Incre-2 Incre-3 Incre-4 Incre-5 Incre-6

#0
AUC 0.6797 0.6858 0.6650 0.6151 0.6175 0.6176 0.6092 0.6871★ 0.6725★ 0.6388★ 0.6798★ 0.6532★ 0.6506★

Logloss 0.5909 0.5833 0.6044 0.6423 0.6561 0.6620 0.6660 0.5892 0.5853 0.5832 0.5818 0.5782 0.5765

#1
AUC 0.7087 0.7053 0.6963 0.6878 0.6732 0.6669 0.6559 0.7066★ 0.6946 0.6978★ 0.6933★ 0.6975★ 0.6962★

Logloss 0.6653 0.6563 0.6773 0.6916 0.6925 0.6934 0.6930 0.6615 0.6597 0.6627 0.6588 0.6570 0.6564

#2
AUC 0.6932 0.7214 0.7150 0.7361 0.7043 0.6900 0.6848 0.7275★ 0.7280★ 0.7564★ 0.7280★ 0.7083★ 0.7240★

Logloss 0.6528 0.6400 0.6553 0.6861 0.6927 0.6897 0.6888 0.6367 0.6263 0.5978 0.6238 0.6272 0.6260

#4
AUC 0.6706 0.6726 0.6795 0.6636 0.6300 0.6470 0.6560 0.6813★ 0.6890★ 0.6813★ 0.6643★ 0.6914★ 0.6770★

Logloss 0.6395 0.6252 0.6411 0.6824 0.6857 0.6863 0.6878 0.6372 0.6395 0.6403 0.6457 0.6392 0.6417

Scenarios Metrics
Batch-multi(PLE) IncMSR(PLE)

Batch-0 Batch-1 Batch-2 Batch-3 Batch-4 Batch-5 Batch-6 Incre-1 Incre-2 Incre-3 Incre-4 Incre-5 Incre-6

#0
AUC 0.6797 0.6694 0.6282 0.6014 0.5932 0.6062 0.5925 0.6748★ 0.6703★ 0.6383★ 0.6552★ 0.6419★ 0.6542★

Logloss 0.5969 0.5980 0.6204 0.6442 0.6555 0.6840 0.6819 0.5918 0.5880 0.5820 0.5832 0.5826 0.5806

#1
AUC 0.7084 0.7030 0.6923 0.6888 0.6706 0.6574 0.6505 0.6998 0.6934★ 0.6955★ 0.6922★ 0.6944★ 0.6923★

Logloss 0.6692 0.6678 0.6911 0.6918 0.6926 0.6934 0.6930 0.6557 0.6542 0.6546 0.6535 0.6537 0.6538

#2
AUC 0.6978 0.7196 0.7223 0.7376 0.6947 0.6787 0.6884 0.7272★ 0.7240★ 0.7533★ 0.7283★ 0.6926★ 0.7235★

Logloss 0.6599 0.6585 0.6946 0.6906 0.6954 0.6906 0.6900 0.6466 0.6390 0.6102 0.6304 0.6385 0.6319

#4
AUC 0.6730 0.6733 0.6865 0.6653 0.6350 0.6520 0.6502 0.6785★ 0.6878★ 0.6772★ 0.6646★ 0.6876★ 0.6758★

Logloss 0.6353 0.6332 0.6665 0.6830 0.6851 0.6875 0.6886 0.6390 0.6327 0.6427 0.6485 0.6440 0.6481

Scenarios Metrics
Batch-multi(STAR) IncMSR(STAR)

Batch-0 Batch-1 Batch-2 Batch-3 Batch-4 Batch-5 Batch-6 Incre-1 Incre-2 Incre-3 Incre-4 Incre-5 Incre-6

#0
AUC 0.6845 0.6801 0.6508 0.5951 0.6062 0.6052 0.5968 0.6870★ 0.6685★ 0.6400★ 0.6867★ 0.6519★ 0.6631

Logloss 0.3671 0.4010 0.3754 0.4086 0.4866 0.3331 0.3938 0.3635 0.3343 0.4076 0.3275 0.3240 0.3142

#1
AUC 0.7062 0.7013 0.6904 0.6713 0.6510 0.6539 0.6458 0.6988 0.6922★ 0.6948★ 0.6912★ 0.6950★ 0.6916★

Logloss 0.6219 0.6216 0.6338 0.6520 0.6938 0.6647 0.6624 0.6255 0.6414 0.6601 0.6401 0.6356 0.6402

#2
AUC 0.6903 0.7092 0.6893 0.7051 0.6719 0.6463 0.6740 0.7154★ 0.7175★ 0.7431★ 0.7264★ 0.6861★ 0.7127★

Logloss 0.6465 0.6351 0.6454 0.6211 0.7106 0.6809 0.6506 0.6254 0.6244 0.6021 0.6283 0.6438 0.6261

#4
AUC 0.6730 0.6782 0.6740 0.6478 0.6267 0.6376 0.6343 0.6695 0.6841★ 0.6626★ 0.6556★ 0.6803★ 0.6565★

Logloss 0.6272 0.6329 0.6393 0.6770 0.7103 0.6842 0.6819 0.6229 0.6150 0.6423 0.6524 0.6335 0.6513

5.2 Overall Performance(RQ1)

The overall comparisons on KuaiRand and Taobao datasets are

shown in Table 2 and Table 3, respectively. All experiments were re-

peated 5 times and the averaged results are reported. We summarize

the observations as follows:

• Firstly, the results over both datasets show that IncMSR out-

performs the baseline models. Compared with Incremental-

single, IncMSR performs better, which proves that introduc-

ing data from other scenarios for joint modeling can bring

significant improvement. According to the results in Table 2

and Table 4, we compare IncCTR(STAR) in Table 4 with the

Batch-multi(STAR) model in Table 2. We observe that Inc-

CTR(STAR) outperforms Batch-multi(STAR), which proves

that incremental learning can update the model with users’

latest preference and is more sensitive to the changes of the

distribution. Compared with IncCTR, IncMSR obtains further

improvement, which is due to the fine-grained design for

transferring in scenario-shared and scenario-specific layers

from different dimensions, specially, the time dimension and

scenario-time dimension.

• Secondly, IncMSR exhibits more notable improvements in

small scenarios. Specifically, on the KuaiRand dataset, In-

cMSR(STAR) shows absolute AUC gains of 4.38%, 3.42%,

1.83% over corresponding Batch-multi(STAR) in small sce-

narios #0&#2&#4. Similarly, the gains for IncMSR compared

to Incremental-single are 0.81%, 1.55%, 2.12% in the same

small scenarios. Small scenarios are particularly sensitive

to changes like emerging interests, resulting in significant

distribution shifts over time [30]. IncMSR improves the per-

formance in small scenarios because it can provide more

stability and adaptability in changing and sparse data envi-

ronments, resulting in enhanced effectiveness.

• What’s more, the results demonstrate IncMSR’s ability to

adapt to changing distribution over time as it receives new

data. On the KuaiRand dataset, in the initial incremental step

(Incre-1), the model is adjusting to the new data. IncMSR

may experience a slight performance decline compared to

Batch-1 for SharedBottom and PLE, while achieves compara-

ble performance to Batch-1 for STAR. However, as the model

continues to receive new data, IncMSR gradually adapts to

the changing distribution, leading to improved performance

compared to the corresponding Batch-Multi models from

Incre-2 to Incre-6, compared to Batch-2 to Batch-6. These

findings highlight IncMSR’s capability to handle changing

distribution and exploit the benefits of incremental learning,

leading to enhanced performance in MSR models.
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Table 3: Performance comparison of single-scenario and multi-scenario recommendation models in batch and incremental

mode on the Taobao dataset.

Scenarios Metrics
Batch-single(DCN) Incremental-single(IncCTR)

Batch-0 Batch-1 Batch-2 Batch-3 Batch-4 Batch-5 Incre-1 Incre-2 Incre-3 Incre-4 Incre-5

#1
AUC 0.5994 0.5998 0.5987 0.5976 0.5987 0.6009 0.6069 0.6014 0.5971 0.6037 0.6124

Logloss 0.1980 0.1982 0.2001 0.2044 0.1916 0.1932 0.1957 0.1978 0.2020 0.1923 0.1945

#2
AUC 0.6114 0.6089 0.6108 0.6092 0.6126 0.6103 0.6084 0.6103 0.6076 0.6134 0.6093

Logloss 0.2010 0.1996 0.2005 0.2018 0.1913 0.1972 0.1995 0.2002 0.2019 0.1912 0.1962

#3
AUC 0.6069 0.6104 0.6099 0.6105 0.6127 0.6097 0.6076 0.6123 0.6109 0.6112 0.6111

Logloss 0.2007 0.1993 0.1980 0.1992 0.1918 0.1949 0.1983 0.1973 0.1981 0.1915 0.1944

#4
AUC 0.6052 0.6082 0.6036 0.6054 0.6026 0.6074 0.6040 0.6076 0.6057 0.6031 0.6083

Logloss 0.2003 0.2002 0.2014 0.2036 0.1938 0.1962 0.1995 0.2006 0.2027 0.1933 0.1940

Scenarios Metrics
Batch-multi(SharedBottom) IncMSR(SharedBottom)

Batch-0 Batch-1 Batch-2 Batch-3 Batch-4 Batch-5 Incre-1 Incre-2 Incre-3 Incre-4 Incre-5

#1
AUC 0.6105 0.6108 0.6114 0.6122 0.6131 0.6173 0.6167★ 0.6116★ 0.6116 0.6168★ 0.6273★

Logloss 0.2086 0.2076 0.2257 0.2274 0.2196 0.2223 0.2059 0.2073 0.2098 0.1986 0.2005

#2
AUC 0.6154 0.6122 0.6123 0.6098 0.6140 0.6128 0.6124★ 0.6133★ 0.6101★ 0.6171★ 0.6132★

Logloss 0.2123 0.2109 0.2261 0.2269 0.2193 0.2270 0.2088 0.2092 0.2102 0.1996 0.2045

#3
AUC 0.6134 0.6145 0.6155 0.6166 0.6190 0.6161 0.6150★ 0.6156★ 0.6163★ 0.6157★ 0.6174★

Logloss 0.2110 0.2090 0.2263 0.2256 0.2180 0.2256 0.2076 0.2063 0.2071 0.2000 0.2027

#4
AUC 0.6123 0.6145 0.6124 0.6093 0.6099 0.6126 0.6087 0.6141★ 0.6098★ 0.6108★ 0.6136★

Logloss 0.2112 0.2106 0.2277 0.2288 0.2211 0.2266 0.2090 0.2095 0.2114 0.2016 0.2028

Scenarios Metrics
Batch-multi(PLE) IncMSR(PLE)

Batch-0 Batch-1 Batch-2 Batch-3 Batch-4 Batch-5 Incre-1 Incre-2 Incre-3 Incre-4 Incre-5

#1
AUC 0.6139 0.6149 0.6088 0.6082 0.6144 0.6176 0.6151★ 0.6122★ 0.6101★ 0.6184★ 0.6282★

Logloss 0.2065 0.2051 0.2091 0.2290 0.2149 0.2030 0.2062 0.2072 0.2093 0.1992 0.2003

#2
AUC 0.6139 0.6125 0.6123 0.6106 0.6144 0.6120 0.6109 0.6125★ 0.6105 0.6159★ 0.6113

Logloss 0.2110 0.2075 0.2107 0.2314 0.2203 0.2053 0.2094 0.2094 0.2098 0.2003 0.2040

#3
AUC 0.6155 0.6131 0.6150 0.6148 0.6180 0.6154 0.6146★ 0.6152★ 0.6165★ 0.6167 0.6164★

Logloss 0.2082 0.2093 0.2096 0.2295 0.2189 0.2047 0.2084 0.2068 0.2068 0.2006 0.2024

#4
AUC 0.6126 0.6150 0.6111 0.6091 0.6098 0.6122 0.6104 0.6132★ 0.6110★ 0.6121★ 0.6136★

Logloss 0.2108 0.2080 0.2112 0.2200 0.2198 0.2043 0.2092 0.2095 0.2104 0.2017 0.2019

Scenarios Metrics
Batch-multi(STAR) IncMSR(STAR)

Batch-0 Batch-1 Batch-2 Batch-3 Batch-4 Batch-5 Incre-1 Incre-2 Incre-3 Incre-4 Incre-5

#1
AUC 0.6125 0.6104 0.6116 0.6009 0.6071 0.6208 0.6136★ 0.6085 0.6102★ 0.6160★ 0.6254★

Logloss 0.1972 0.1970 0.1986 0.2060 0.1917 0.1912 0.1951 0.1972 0.2001 0.1895 0.1908

#2
AUC 0.6153 0.6109 0.6097 0.6074 0.6128 0.6111 0.6117★ 0.6125★ 0.6087★ 0.6113 0.6067

Logloss 0.2011 0.2006 0.2027 0.2029 0.1919 0.1966 0.1992 0.1998 0.2017 0.1916 0.1962

#3
AUC 0.6163 0.6118 0.6143 0.6092 0.6162 0.6122 0.6137★ 0.6152★ 0.6168★ 0.6141 0.6126★

Logloss 0.1998 0.2014 0.1987 0.2001 0.1935 0.1962 0.1980 0.1970 0.1978 0.1917 0.1942

#4
AUC 0.6156 0.6133 0.6112 0.6052 0.6077 0.6046 0.6104 0.6137★ 0.6097★ 0.6104★ 0.6123★

Logloss 0.2004 0.2015 0.2019 0.2050 0.1960 0.1948 0.1991 0.2002 0.2026 0.1932 0.1939

5.3 Compatibility(RQ2)

To evaluate the compatibility of IncMSR, we apply IncMSR to both

multi-scenario model STAR and multi-task model PLE. The results

in Table 2 and Table 3 show that significant improvements can be

achieved when these models are applied with IncMSR.

The compatibility of IncMSR with existing MSR models arises

from its ability to leverage incremental learning and capture trans-

ferable information. By seamlessly integrating with existing MSR

models, IncMSR offers a practical framework that can leverage

the strengths of multi-scenario recommendation models while in-

corporating incremental learning and information transfer. This

compatibility ensures that IncMSR remains flexible and adaptable.

5.4 Ablation Study(RQ3)

To investigate the respective contributions of the three dimensions

of information transfer in IncMSR, we conduct a series of ablation

studies on KuaiRand dataset and take STAR as the backbone model.

Models are trained with or without each of the three different

dimensions of transfer and the results are compared in Table 4.

• IncCTR [34] denotes a commonly used incremental learn-

ing framework in SSR. In this case, we only minimize the

cross-entropy loss to train the model in incremental mode.

• IncMSR w/o S denotes IncMSR without transfer over sce-

nario dimensionwhile still incorporating transfers over time

and time-scenario dimensions.

• IncMSR w/o T denotes IncMSR without transfer over time

dimension while still incorporating transfers over scenario

and time-scenario dimensions.

• IncMSRw/oTS denotes IncMSRwithout transfer over time-

scenario dimension while still incorporating transfers over

scenario and time dimensions.

5.4.1 Transfer over Scenario Dimension. By comparing IncMSR

with IncMSR-S (which does not involve scenario dimension trans-

fer), we can observe that leveraging scenario dimension transfer

contributes to the overall performance enhancement of IncMSR.

The performance improvement is particularly significant for small

scenarios such as Scenario #0&#2.With scenario dimension transfer,

IncMSR can effectively capture and utilize the shared information

across scenarios. Therefore, it can improve overall model perfor-

mance and mitigate the effects of data sparsity in small scenarios.

5.4.2 Transfer over Time Dimension. By comparing IncMSR with

IncMSR-T (which dose not involve time dimension transfer), the

findings demonstrate performance enhancements during incremen-

tal updates. This suggests that the inclusion of time dimension
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Table 4: Ablation study of the constraints on three dimensions of information transfer in IncMSR with STAR as the backbone

on the KuaiRand dataset.

Incre-1 Incre-2 Incre-3 Incre-4 Incre-5 Incre-6
Scenarios Models Gains AUC Gains AUC Gains AUC Gains AUC Gains AUC Gains AUC

#0

IncCTR - 0.6847 - 0.6664 - 0.6406 - 0.6839 - 0.6485 - 0.6613
IncMSR w/o S 0.25% 0.6872 0.22% 0.6686 -0.20% 0.6386 -0.83% 0.6756 -0.75% 0.6410 -0.34% 0.6579
IncMSR w/o T 0.18% 0.6865 0.24% 0.6688 0.00% 0.6406 0.08% 0.6847 -0.05% 0.6480 0.15% 0.6628
IncMSR w/o ST 0.38% 0.6885 0.11% 0.6675 0.08% 0.6414 0.16% 0.6855 0.10% 0.6495 -3.11% 0.6302

IncMSR 0.23% 0.6870 0.21% 0.6685 -0.06% 0.6400 0.28% 0.6867 0.34% 0.6519 0.18% 0.6631

#1

IncCTR - 0.6976 - 0.6915 - 0.6945 - 0.6906 - 0.6941 - 0.6909
IncMSR w/o S 0.08% 0.6984 0.05% 0.6920 -0.02% 0.6943 0.01% 0.6907 0.08% 0.6949 0.09% 0.6918
IncMSR w/o T 0.09% 0.6985 0.06% 0.6921 0.06% 0.6951 0.01% 0.6907 -0.03% 0.6938 0.01% 0.6910
IncMSR w/o ST 0.08% 0.6984 0.12% 0.6927 0.09% 0.6954 0.17% 0.6923 0.01% 0.6942 -0.03% 0.6906

IncMSR 0.12% 0.6988 0.07% 0.6922 0.03% 0.6948 0.06% 0.6912 0.09% 0.6950 0.07% 0.6916

#2

IncCTR - 0.7152 - 0.7143 - 0.7435 - 0.7264 - 0.6806 - 0.7110
IncMSR w/o S 0.03% 0.7155 0.23% 0.7166 -0.18% 0.7417 -0.28% 0.7236 -0.60% 0.6746 -0.07% 0.7103
IncMSR w/o T 0.08% 0.7160 0.21% 0.7164 -0.15% 0.7420 -0.18% 0.7246 -0.07% 0.6799 0.06% 0.7116
IncMSR w/o ST -0.26% 0.7126 0.05% 0.7148 -0.40% 0.7395 -0.40% 0.7224 0.24% 0.6830 0.49% 0.7159

IncMSR 0.02% 0.7154 0.32% 0.7175 -0.04% 0.7431 0.00% 0.7264 0.55% 0.6861 0.17% 0.7127

#4

IncCTR - 0.6662 - 0.6787 - 0.6599 - 0.6530 - 0.6760 - 0.6532
IncMSR w/o S 0.25% 0.6687 0.44% 0.6831 0.28% 0.6627 -0.08% 0.6522 0.13% 0.6773 0.13% 0.6545
IncMSR w/o T 0.23% 0.6685 0.44% 0.6831 0.16% 0.6615 1.35% 0.6665 0.35% 0.6795 0.05% 0.6537
IncMSR w/o ST 0.61% 0.6723 0.71% 0.6858 -0.31% 0.6568 -0.30% 0.6500 -0.12% 0.6748 -0.28% 0.6504

IncMSR 0.33% 0.6695 0.54% 0.6841 0.27% 0.6626 0.26% 0.6556 0.43% 0.6803 0.33% 0.6565

transfer ensures consistent transferability of knowledge from previ-

ous steps to the current step stably. With the help of time dimension

transfer, IncMSR can better adapt to the changing data distribution

over time. This capability allows IncMSR to leverage previously

acquired knowledge to better make predictions in subsequent steps.

5.4.3 Transfer over Time-Scenario Dimension. By comparing In-

cMSR with IncMSR-TS (which does not involve time-scenario di-

mension transfer), we find that IncMSR achieves better performance

and stability. With time-scenario dimension transfer, IncMSR ex-

hibits the capability to distinguish and capture the characteristics

and distinctions between scenarios at different time steps, result-

ing in improved sensitivity in the distribution across both time

and scenario dimensions. The time-scenario dimension transfer in

IncMSR enables the capture and utilization of transferable infor-

mation, taking into consideration the impact of the coexistence of

two-dimensional transfer.

Overall, the findings of the ablation studies underscore the im-

portance of all three dimensions of information transfer in IncMSR.

5.5 Efficiency Analysis

To evaluate the efficiency of IncMSR, we conduct efficiency anal-

ysis by comparing the time consumption between IncMSR and

the corresponding Batch-multi models on the Taobao dataset. All

experiments are performed on an NVIDIA Tesla V100 GPU with

16G memory. The results are reported in Figure 4, which demon-

strate that IncMSR achieves shorter training time compared to the

Batch-multi models.

The efficiency of IncMSR can be attributed to its design and the

use of metric learning to introduce a supplementary penalty term to

the original MSR loss function. Importantly, this modification does

not change the structure of the MSR model, nor does it increase its

number of parameters or complexity. As a result, IncMSR retains its

efficiency while ensuring that the training process remains efficient

without compromising performance.
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Figure 4: Efficiency comparison between Batch-multi and

IncMSR over consecutive days on the Taobao dataset.

6 CONCLUSION

In this paper, we address the challenges of multi-scenario recom-

mendation and propose an incremental learning approach to tackle

them. Our proposed IncMSR approach involves three dimensions

of information transfer: time, scenario, and time-scenario dimen-

sions respectively. By quantifying the distances between represen-

tations in these dimensions and applying fine-grained constraints

on scenario-shared and scenario-specific representations, IncMSR

achieves better improvement in handling changing distribution and

effectively leveraging information transfer. All constraints are ele-

gantly fused based on metric learning framework. Comprehensive

experiments are conducted to demonstrate the effectiveness and

efficiency of the proposed approach. Besides, IncMSR is lightweight,

model-agnostic, and can be easily extended to other MSR models,

without increasing the number of parameters or complexity.
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