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Abstract

Sequential recommendation (SR) aims to capture dynamic user pref-
erences from users’ historical behaviors. Recently, benefiting from
astonishing understanding ability of pre-trained language models
(PLMs), text-enhanced sequential recommender becomes a promis-
ing direction, which employs PLMs to extract semantic information
for user/item representation. Although promising in improving per-
formance and transferability, few existing text-enhanced SR studies
have analyzed the differences between PLMs and recommenders,
restricting the ability of PLMs for recommendation. In this paper,
we make an in-depth comparison and conclude their discrepan-
cies in representation and knowledge level, respectively, caused
by different multi-modal content and task-oriented capabilities.
Based on this, we propose a Recommendation-Oriented Language
Model Adaptation framework (named ROMA) using multi-modal
multi-domain item sequences. To empower PLMs with a rational
understanding of user/item modeling and the recommendation
task, ROMA partitions a PLM into bottom and top layers, respec-
tively, allowing representation-level and task-level adaptation with
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elaborately designed architectures, transferring strategy and learn-
ing framework. Our experimental results on public benchmarks
demonstrate the effectiveness and transferability of our framework.
Additionally, we showcase the application value of ROMA on the
recommender system of Huawei’s AppGallery through online A/B
testing, which shows significant improvements in online metrics.
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1 INTRODUCTION

The goal of Sequential Recommendation (SR) [37, 51] is to suggest
items (e.g., products) to users via understanding their preferences
behind historical behaviors, which plays an active role in the web
industry and has attracted widespread research attention. Learning
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accurate representations to depict users and items is critical for
SR. Traditional ID-based sequential recommenders only take IDs as
input, relying on the collaborative signals between users and items.
Although simple, ID-based approaches generally lack cross-domain
generalizability due to the independent ID sets among different
scenarios, which makes the knowledge hard to transfer. Besides, the
long-tailed distribution of user-item interaction and the cold-start
issue can threaten the robustness of representation [41, 67].
Recently, the success of pre-trained language models (PLMs)
[10, 38] prompt some researches in textual-enhanced SR to learn
transferable representations with enriched item textual attributes.
Existing PLM adaption methods for recommendation can be divided
into representation adaption and model adaption. Representation
adaption approaches [19, 20, 50] pre-encode items into feature em-
bedding as side information for recommenders. More holistically,
model adaption approaches [32, 39, 70] unify task formulation of
recommendation with NLP tasks by converting items into sen-
tences and directly adapt PLMs as content-based recommenders.
Despite the promising progress, few researches have noticed the
disparities between PLMs and recommenders, which results in the
following limitations: (1) Frozen modality encoders used by repre-
sentation adaption works can remove specific attribute features of
items, which is important to navigate user interests, and only con-
tains coarser semantic. (2) Works adapting PLMs as recommenders
simply replace an item’s ID token with its text tokens or indices,
superficial unification on the input formation overlooks internal
differences. Without adaptions according to task characteristics, the
performance of PLMs can be curtailed on recommendation tasks.
In this paper, we delineate the disparities between PLMs and SR
systems into two facets: representation learning and task-related
knowledge. To be specific, representation learning differences high-
light the variances of input content between PLMs and recom-
menders. On the modality level, item images are vital [49, 55] for
recommenders to attract users, but PLMs only take text as input.
Even if centered on text, the distribution of item descriptions exhibit
significant differences with the training corpus of PLMs. A detailed
analysis of divergence in part-of-speech distribution between two
kind of corpus is provided in the Appendix A.1. The task knowl-
edge facet underscores differences inherent in PLM’s pre-training
task and recommender’s behavior prediction task. Language mod-
eling cares about the linguistic and semantic knowledge of natural
language, it does not infer tokens based on user preferences like
a recommender. Besides, pre-training of language models takes
large-scale corpora to model various domains in a unified manner,
while domain-specific patterns are especially important for sequen-
tial recommender. Thus, there should be variations in the training
paradigms of language modeling and sequential recommendation.
Drawing from the above contrast, this paper is devoted to PLMs
for recommendation from representation learning and task knowl-
edge level, trying to improve the universality of adapted PLMs. We
summarize the following three challenges for recommendation-
oriented PLM adaption: (1) Multi-modal representation learning.
Apart from adaption to recommendation context, PLMs are required
to utilize image for item modeling for better alignment with ac-
tual recommendation scenarios. (2) Domain generality-speciality
modeling. Distinct from the general language pre-training, recom-
mendation systems are usually divided into multiple domains for
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various item categories and user intentions. Modeling generalities

and specialties among domains is necessary to avoid negative trans-

fer. (3) Knowledge balance. Inherited semantic understanding of

PLMs is crucial for item modeling. While PLMs further learn behav-

ior prediction from interaction data, it is essential to balance two

abilities to avoid catastrophic forgetting and insufficient learning.

We introduce our Recommendation-oriented Pre-training frame-
work for Universal Multi-modal Sequence Representation, ROMA:
(1) In light of existing PLM knowledge distribution analysis, ROMA
takes a partition strategy to innovatively disentangle a language
model into the bottom and top layers to balance the inherent lan-
guage understanding with newly acquired recommendation/modal-
ity skills: The bottom and top layers respectively conquer the multi-
modal representation learning challenge and generality-speciality
modeling challenge. (2) Based on the structure partition, we further
incorporate Mixture-of-Adapters (MoA) modules with diverse
routing strategies to address different challenges: For bottom
layers, MoA modules with soft routing strategy are deployed to
tackle the multi-modal representation learning challenge and adapt
PLM to the recommendation context with vision-assisted masked
language modeling task. For top layers, we adopt MoA modules
with elaborately designed routing strategy for generality-speciality
modeling: During pre-training, the routing strategy is set to hard
style to assign private adapters to model domain specialty. For
fine-tuning, these specialties are adaptively transferred to down-
stream domains by switching the routing strategy to the soft style.
These MoA modules assist top layers to utilize multi-modal repre-
sentations from the bottom layers for recommendation tasks. As
a result, by assigning tasks to appropriate layers and incorporat-
ing strategic MoA architectures, ROMA transforms the PLM into
a sequential recommender with multi-modal understanding and
enhanced general recommendation capabilities.

To evaluate the effectiveness of ROMA, we conduct extensive ex-
periments on multiple public benchmarks. The experimental results
show that ROMA reaches 12.28% average performance improve-
ments. We further validate the application value of ROMA in the
Huawei App Store: the online A/B test results show that ROMA
achieves a 7.29% increase in average DTR (Download-Through Rate)
and a 3.17% increase in ECPM (Effective Cost Per Mille in terms of
revenue) for advertisements, which are significant improvements
in online metrics. Therefore, ROMA has been used to serve the
main traffic of Huawei’s App Store recommender system.

In summary, our work makes the following contributions:

o We thoroughly analyze the divergences between PLMs and se-
quential recommenders, identifying three challenges of adapt-
ing a PLM as a universal multi-modal sequential recommender:
Modality adaptation, domain transfer and knowledge balance.

e To overcome these challenges, we propose ROMA, which in-
cludes a model partition strategy based on knowledge distri-
bution of PLM and two stages with pertinent tasks to mitigate
hierarchical divergences. ROMA is the first attempt to address
challenges including multi-modal representation learning, knowl-
edge balance and multi-domain transfer for recommendation by
fusing MoAs with diverse routing strategies into PLM.

o Extensive experiment results on research benchmarks show that
ROMA outperforms all state-of-art baselines and expresses su-
perior generality. Analysis experiment prove ROMA to be a
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practical solution for cold-start items and data sparsity. Our code
is available at: https://github.com/Nipers/ROMA.

2 RELATED WORKS
2.1 Sequential Recommendation

Sequential Recommendation (SR) aims to learn patterns and char-
acteristics of historical interactions for the prediction of the next
interacted item. In order to improve modeling ability of recom-
mender towards item features and user preferences, researchers in
SR areas have made a series of innovations around model architec-
ture and training methods. From model architecture perspective, SR
models have transitioned from nascent stages of matrix factoriza-
tion techniques [16, 40] to the contemporary neural architectures
like CNN [45, 61], RNN [18, 34], MLP [28, 74], and Transformer
architecture [23, 44]. From learning paradigm perspective, tasks
like temporal-aware learning [21, 47], self-supervised contrastive
objectives [6, 57, 73] are developed to model dynamic and behavior
patterns, interest modeling [4, 66] is a popular methodology, in
which user preferences are usually implemented by attention or
clustering. Recently, technologies in frequency domain [12, 74] are
also studied to assist sequential recommendation.

A pertinent topic in the SR is the debate over ID and modality
information [62]. ID-based methods possess high efficiency but
performs sub-optimally in cold-start and few-shot scenarios due to
poor transferability. Existing work such as [36] and [9] attempts
to leverage PLMs for improved item representation learning. In
contrast, our work aims to adapt PLMs for user-item contrastive
learning, thus producing both user and item representations.

2.2 Multi-Modal Recommendation

The purpose of Multi-Modal Recommendation (MMR) is to improve
the recommendation efficacy and generality [30]. In areas like news
recommendation [59, 65], video recommendation [2, 25] and per-
sonalized multimodal recommendation [43], visual/textual content
is pivotal for matching user desires. Hence, As multi-modal repre-
sentation learning advances, more modalities are integrated into SR
systems. Text has been introduced into SR since the matrix factor-
ization era [17]. Subsequently, a series of works utilize pre-trained
modality models to encode item text [64] or image [28].

Early methods like UniSRec [20] and MissRec [50] initialize item
embedding with representation from pre-trained models. VQ-Rec
[19] takes text representations to characterize item affinity. These
methods still employ encoders like two-layer Transformer as rec-
ommenders. More recent efforts have sought to incorporate PLM in
a more comprehensive way within the SR system. A recent survey
[31] provides a detailed summary of above works. Recformer [27]
employs natural language descriptions for items and sequences,
thus leveraging the entire PLM as a recommender. TASTE [32] also
translates items into full text and utilizes PLM’s matching ability
for ranking, which alleviates cold start problems. However, some
research [49, 50] has proven that a wider range of modality in-
formation, such as visual characteristics [55], is essential in some
scenarios and should not simply be duplicated, while the above
methods are all text-only recommenders. Furthermore, they directly
take original LLM structure as recommenders, lacking targeted
alignment strategy for multi-modal SR. In contrast, ROMA adapts
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a PLM as a general multi-modal recommender through a carefully
designed model structure and hierarchical adaptation strategy.
There are also methods like TIGER [39], LC-Rec [70] and HSTU
[63] that apply extremely large LMs for generative SR, but limited by
performance and efficacy, we do not involve them in this research.

2.3 Transfer Learning for Recommendation

The target of transfer learning for recommendation is to overcome
data sparsity and cold-start problem [11, 35], which is widespread
for RS. Early works are mainly about cross- [3] and multi-domain
recommendation [54], relying on shared information among do-
mains like overlapped users, items [7, 60] or shared attributes [56]
as transfer medium, to mitigate dependence on shared data. Some
works [3, 71] design graph architecture and data augmentation to
transfer knowledge among domains, but ID-based transfer methods
heavily rely on collaborative signals and lack interpretability.
Inspired by the boom of the pre-training paradigm in natural
language processing [29, 69] and computer vision [14, 24], several
works [20, 27, 50] try to adopt this paradigm into SR to learn general
features for sequences and items in different domains. Prevalent
customary formation of the "pre-train and fine-tune" paradigm
splits all domains into upstream and downstream by data volume.
Models are initially pre-trained over a range of upstream domains
and subsequently refined using downstream data. Our work adheres
to this paradigm, while we make special architecture modifications
to enable the commonality-specialty modeling among multiple
domains, thereby avoiding negative transfer and domain conflicts.

3 METHODOLOGY

In this section, we present the proposed Recommendation-oriented
pre-training framework ROMA, which can effectively generate
multi-modal user/item representations with excellent transferabil-
ity towards cold-start items and various domains.

3.1 Problem Formulation and Method Overview

Given a user u’s historical interaction sequence s with T interac-
tions denoted as [iy, iz, - - - , it], where ij denotes the j-th interacted
item, a sequential recommender manage to predict his/her next
interacted item ir;; from item set I by calculating the probability
scores between users and items. Under the multi-modal recommen-
dation scenario, there are item features across different modalities.
Without loss of generality, we involve the most common modali-
ties, text and image to enhance SR in this paper. So in our setting,
each item i is equipped with a dictionary D; containing several
attribute-value pairs {(k1,v1), (k2,02), - - , (kn,vn)}, k denotes the
attribute’s name (e.g., Size, Name, Appearance) and v denotes the
attribute’s content (e.g., "Medium", "T-Shirt", a photo of T-Shirt), v
takes the form of image or text and k is described by text only.
ROMA includes a model partition strategy and two learning
stages. We first elaborate in depth on the motivation and objectives
of our model partition strategy in Section 3.2.1, then we describe
our model architecture in Section 3.2.2. Finally we introduce our
pertinently designed tasks in Section 3.3 and two stages of ROMA,
pre-training and fine-tuning in Section 3.4 to show how we make
adaption on PLM for general sequence representation in SR.
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Figure 1: ROMA includes one model partition strategy and two learning stages, pre-training and fine-tuning. The partition
strategy divides the original language model into bottom and top parts like a layer cake. The pre-training stage adapts PLM to
multi-modal recommendation context with VA-MLM task and models domain generality and specialty with User-Item Contrast
task. The fine-tuning stage adaptively transfers knowledge from upstream domains to specific target domains.

3.2 Partitioned Model Architecture

3.2.1 Task-oriented Partition Strategy. To efficiently inject and bal-
ance knowledge, the first step of ROMA is to divide the PLM
into different regions to respectively conquer two sub-tasks of
SR: user/item representation learning and behavior prediction.

Our partition strategy is designed according to PLM’s knowledge
characteristic: A taxonomy [15] divides knowledge in PLMs into lin-
guistic and world knowledge. The former incorporates information
at lexicon, phrases, and syntax levels, while the latter includes com-
monsense and facts of the actual world. Several analyses [22, 46]
point out that PLMs encode linguistic information at the bottom
layers, and underlying semantic features at the top layers.

We first assign the user/item representation task to the bottom
layers of PLM, since representation learning focuses on item cat-
egories, attribute contents, and inner relations among attributes,
which is more related to shallow linguistic knowledge. Then we
assign the behavior prediction task to the top layers since behavior
prediction depends on underlying causal relations in item sequences
which belongs to the logical reasoning in world knowledge.

3.2.2 Model Architecture. Based on the partitioning strategy, we
make corresponding adjustments to the original language model
structure to address the discrepancies at different levels. As shown
in Figure 1, ROMA consists of below components:

e Embedding Layer. We extend the input embedding layer of
BERT [10] to a multi-modal version. Our specific modifications
are as follows: (1) Apart from original text tokens, we introduce
image tokens of each item encoded by frozen pre-trained vision
encoder to build token embedding E;. (2) Apart from original
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token position embedding E;, we introduce item position embed-
ding E;, like [27] to indicate item’s temporal order in sequence.
(3) We adopt attribute type embedding E,; to distinguish differ-
ent item attributes. For example, tokens of the title have different
attribute type embedding with tokens of the image.

Given a user sequence s or item i, we construct their input token
sequences Xy and X; in the same way, which are attribute tokens
of items following the [CLS] token, the input representation h%
for each token is the sum of its four kinds of embedding.

X, = [[CLS],DT,--' ’Dl], X; [[CLS],D,‘] ,
R = E¢(x) + Ep(x) + Eip(x) + Ear (),

1)
@

where item #’s attribute tokens D are the concatenation of all
attribute names and values in D; and x is a token in X. For items
with no image, we take a specified token to represent void image.
MoA-Enhanced Transformer Layer. We integrate a Mixture-
of-Adapters (MoA) design into PLM’s original Transformer layers.
After adjustment, each layer of our model is composed of a multi-
head self-attention (MSA) module [48] and a MoA-enhanced feed-
forward network (MoA-FFN). The forward process of the I-th
layer for illustration is defined by

A' = LN(MSA(H!) + HY),
H™! = LN(MoA-FFN(H!) + H),

®)
©
where LN(-) denotes the layer normalization operator, H !'and
H™! denote the input and output tensors of the I-th layer.

Following common MoA designs [26, 42], our MoA module in-
cludes a gated router R and several adapters, where each adapter
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¢ consists of a linear down-projection, the GELU activation, and
a linear up-projection, as shown in Figure 1(b). The gated router
R is implemented by a linear projection W, and a softmax layer
to adaptively assign a weight for every adapter. Equation (5)
describes two kinds of MoA with different routing strategies.

R(x) = softmax(Wyx), (5)
Mwmzﬁ%fm”%m’gzﬁ; (6)

The MoA-enhanced feed-forward network is defined by
MoA-FFN(x) = FFN(x) + MoA(x). 7)

FFN refers to FFN modules of the original Transformer layer.
During pre-training stage, since the bottom and top layers are
assigned with different functionalities (Section 3.2.1), they are
equipped with different MoA designs: (1) Bottom layers mitigate
the modality low-level linguistic gap and the multi-modality gap,
and the routing mechanism of MoA is set to the soft style. (2)
Top layers are expected to mitigate the multi-domain gap for
recommendation. We assign one adapter to each pre-training
domain with the hard style, which captures domain-specific
knowledge to model specialties. During fine-tuning stage, we
switch the hard routing mechanism of the top layer adapters to
the soft mechanism to enable flexible knowledge transfer.
User/Item Representation. As described in Equation (1), the
input tokens of user/item are composed of [CLS] and attribute
tokens from one or several flattened item attribution dictionaries.
After encoding with all MOA-FFN layers, we gain a sequence of
token representations H = [hCLs,htl, e ,htl]. Here we follow
document retrieval research to pool the representation sequence
by taking hcrs as final user representation h,, or item representa-
tion h;. In this way, we unify user/item modeling with sequence
representation. With obtained representations, we apply cosine
similarity to calculate the probability score between u and i:

h]hg

AR ®

cos(u, i) =

3.3 Training Tasks for Bottom and Top Layers

In this section, we introduce two tasks specifically used for the

bottom and top layers. Based on the analysis in Section 3.2, two

tasks, VA-MLM and UIC, are assigned to bottom and top layers
respectively to overcome corresponding challenges in user/item
modeling and behavior prediction.

e VA-MLM Task for Bottom Layers. Since textual attributes
comprise the majority of item properties, and images are subject
to instances of absence, we regard visual information as sup-
plementary to the textual data. We propose Vision-Augmented
Masked Language Modeling (VA-MLM) task for user/item model-
ing. Particularly, we adopt the MLM task of BERT to choose 15%
word tokens at random while keeping image tokens unchanged,
a chosen word token could be replaced by (1) [MASK] token
with 80% likelihood, (2) a random word token with 10% likeli-
hood, (3) original token with 10% likelihood. The VA-MLM loss
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is formulated as:

p = softmax(Im_head(h%)), 9)
V|

Lyanin == ) yilog(pi), (10)
i=0

where Im_head is a two-layer MLP, V is the vocabulary and
A is the weight for VA-MLM loss, the hidden state hz of word
token x comes from bottom layers so that VA-MLM only trains
parameters in these layers. Semantic of the image is conducted by
attention mechanism to assist word token prediction, VA-MLM
thereby introduces vision modality into item semantic modeling
and adapts PLM to multi-modal recommendation context.

UIC Task for Top Layers. Following precedent works [20, 27,
50], we adopt User-Item Contrastive (UIC) task to teach PLM to
predict user behavior. The positive sample for user u is the real
next item i*. The negative sample set N is a subset of I, different
sampling strategies are used in our training pipeline.

exp(cos(u, i*) /1)
Lien exp(cos(u,i)/7)
where cos(u, i) is the similarity score of u and i defined in Equa-
tion (8) and 7 is the temperature coefficient. The UIC loss is
calculated with the output of the top layers so that parameters
in these layers can concentrate on behavior prediction.

Luic = - log (11)

3.4 Training Pipeline

The pipeline of ROMA is composed of pre-training and fine-tuning
stage. In two stages, the training task and architecture for bottom
layers are identical, but specialized transition of routing mechanism
is deployed for MoAs top layers to mitigate negative transfer.

e Upstream Pre-training. In this stage, data from all upstream
domains is mixed to train the model. Since items from differ-
ent domains have no overlap, in-batch negatives have a small
probability to be false-negative, we adopt in-batch negatives
for the UIC task. During pre-training, in top layers, with hard-
style router, data from one specific domain only goes through
adapter private to this domain, which turns the FFN modules
into shared parameters for domain generalities and turns newly
added adapters into private parameters for each domain.
Downstream Fine-tuning. Considering similar divergences
between upstream and downstream domains, we continue to use
the VA-MLM and UIC tasks to fine-tune model. However, since
training data for fine-tuning only comes from target domain, in-
batch negatives are more likely to be popular items, which causes
more false negatives. While encoding all items as negatives by
step is impractical due to the calculation consumption.

For the balance between efficiency and precise supervision, in
the initial few epochs, we randomly select a subset of uninter-
acted items as UIC negatives. After the model converges, we
generate [CLS] embedding for all items to construct an item
embedding table. With the frozen table, no more encoding op-
eration is required, making it efficient to take all uninteracted
items as negatives for better performance. It can also speed up
the inference process.

As we mentioned before, we convert the routing strategy of top
MoAs to avoid negative transfer: We prompt the router R to
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adaptively assign weights for each adapter. With suitable weight,
knowledge from beneficial upstream domains can be transferred
to downstream domains, as we will show in Section 5.3.

4 EXPERIMENTS
4.1 Experimental Setup

4.1.1 Datasets. We choose different categories from Amazon Re-
view dataset [33] for open-source experiments. In the pre-training
and fine-tuning stage, we uniformly employ the leave-one-out strat-
egy to divide datasets into training/validation/test splits.

For pre-training, eight domains with relatively rich interaction
data are chosen: “Automotive”, “Home and Kitchen”, “Cell Phones and
Accessories”, “Clothing, Shoes and Jewelry”, ‘Electronics”, “Grocery
and Gourmet Food”, “Movies and TV” and “CDs and Vinyl”. We mix
data from all these domains for joint pre-training.

For fine-tuning, we select six domains with sparser data includ-
ing “Industrial and Scientific”, “Pet Supplies”, “Musical Instruments”,
“Video Games”, “Arts, Crafts and Sewing”, “Office Products” as down-
stream domains to evaluate the final performance of ROMA.

We follow [27] to use the five-core datasets provided by Amazon
and retrieve item text attributes including title, categories and brand
from the metadata. We further crawl item images through URLs
in the metadata as item image attributes. While text attributes
are fully available, some images are missed because of expired
URLs. We retain items without images in datasets for the fairness
of comparison. The final dataset statistics are shown in Table 1. As
we will show below, ROMA exhibits robust improvement in the
face of modality absence, which is common in practical application.

Table 1: Statistics of Pre-processed Datasets. “Cover.” denotes
the image coverage among the item set. “Avg. SL” denotes
the average length of interaction sequences.

Datasets #Users #ltems  #Img. (Cover./%) #Inters.  Avg. SL.
Pre-training 3,608,532 1,022,309 724,562 (70.88%) 33,572,032 9.30
Scientific 11,041 5,327 3,490 (65.52%) 76,896 6.96
Instruments 27,530 10,611 6,289 (59.27%) 231,312 8.40
Pet 47,569 37,970 30,611 (80.62%) 420,662 8.84
Arts 56,210 22,855 13,418 (58.71%) 492,492 8.76
Games 55,223 17,389 14,967 (86.07%) 496,315 8.99
Office 101,501 27,932 20,542 (73.54%) 798,914 7.87

4.1.2  Metrics. We adopt three metrics NDCG@K, Recall@K and
MRR, which are widely used in SR to evaluate the recommendation
performance of methods. K is set to 10 for showcases.

4.1.3 Baselines. For a comprehensive comparison, we have se-
lected the following three groups of baselines.
(1) ID-based Methods
o GRU4Rec [18] is a session-based recommender adopting RNNs
to model user behavior sequences.
o SASRec [23] firstly employs a self-attentive Transformer layer
as the sequence encoder to capture item dependency.
e BERT4Rec [44] applies a bi-directional attention mechanism
and item clozing task for sequence representation learning.
(2) Text-Enhanced Methods
e UniSRec [20] replaces ID embeddings with text representa-
tions and adapts models to target domains with MoE adapters.
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e Recformer [27] trains Longformer [1] with MLM and sequence-
item contrast task to encode item word tokens and conducts
two-stage training (pre-train and fine-tune).

e TedRec [58] converts ID and text features into the frequency
domain and completes feature fusion at the sequence level.

(3) Multi-Modal Methods

e MISSRec [50] first extracts text and image features of items and
then builds an interest-aware encoder-decoder model to pre-
train universal sequence representation for recommendation.

o MMSASRec is a modified version of SASRec. We add text and
visual features projected by a linear layer to ID features to fuse
multi-modal information into original SASRec.

4.1.4 Implementation Details. Due to limited computational re-
sources, we choose tiny MiniLMv2 [53] as the base PLM, we adopt
amulti-modal encoder universal for all vision-language tasks, BEiT3
[52], to encode item images. ROMA is also applicable to other base
models (Section 5.4). We set the maximum number of tokens to
32 for a single attribute and 1,024 for items and user sequences.
The max length of each user sequence is limited to 50 items for all
methods. The temperature coefficient 7 is 0.05 and the loss weight
Ais set to 0.1. The number of adapters in the bottom layers is set to
8 and all adapters’ inner dimension is set to 128. The batch size is
256 for pre-training and 32 for fine-tuning. We train ROMA for 20
epochs in pre-training stage and at most 15 epochs for fine-tuning.
We adopt the hyper-parameter settings reported in baselines’ pa-
pers to ensure performance. We implement MISSRec, UniSRec and
all ID-based recommenders with open-source RECBOLE framework
[68]. For a fair comparison, we pre-train and fine-tune UniSRec,
MISSRec and Recformer with the same datasets as ROMA.

4.2 Research Questions

We try to answer the following research questions of our framework
with empirical evaluation result and further analysis:

RQ1: Can ROMA achieve competitive results with other state-of-
the-art SR methods in downstream domains?

Can the universal representations of ROMA benefit recom-
mendation performance on cold-start items?

Is the routing-based transfer strategy effective in modeling
domain affinities and mitigating negative transfer?

How do other designs impact the efficacy of ROMA?

RQ2:
RQ3:

ROQ4:

5 EVALUATION RESULTS

5.1 Comparison with State-of-the-arts (RQ1)

We report overall experiment results on six downstream datasets
in Table 2. From the result we conclude that (1) modality-enhanced
approaches exhibit superior overall performance compared to ID-
based methods, substantiating the advantages of content-based
recommendation in terms of generality and interpretability. (2) Our
proposed ROMA achieves the best performance on all datasets
except the sub-optimal Recall@10 on Instruments, which indicates
the effectiveness of ROMA to adapt PLM for recommendation.
In comparison to baselines, ROMA realizes an enhancement of
approximately 10% across metrics in all domains, and in Games
domain, the improvement exceeds 20%. (4) ROMA exhibits better
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Table 2: Performance comparison of ROMA and other baselines“R@K?” is short for “Recall @K” and “N@K” is short for
“NDCG@K?”. Optimal and sub-optimal performance is denoted in bold and underlined fonts, respectively.

Model Type — ID-based Text-enhanced Multi-modal

Dataset Metric GRU4Rec  SASRec  BERT4Rec  UniSRec  Recformer TedRec  MISSRec  MMSASRec ROMA  (Imprv.)
N@10 0.0414 0.0655 0.0336 0.0788 0.1027 0.0908 0.0793 0.0977 0.1139 10.91%

Scientific R@10 0.0952 0.1206 0.0552 0.1376 0.1448 0.1256 0.1407 0.1373 0.1619 11.81%
MRR 0.0641 0.0541 0.0317 0.0679 0.0951 0.0859 0.0675 0.0869 0.1058 11.25%

N@10 0.0424 0.0442 0.0281 0.0532 0.0702 0.0631 0.0531 0.0732 0.0891 21.72%

Games R@10 0.0816 0.0971 0.0552 0.1128 0.1092 0.1135 0.1142 0.1143 0.1426 24.76%
MRR 0.0390 0.0374 0.0266 0.0454 0.0659 0.0575 0.0449 0.0681 0.0823 20.85%

N@10 0.0648 0.0664 0.0574 0.0759 0.0841 0.0870 0.0765 0.0842 0.0959 13.90%

Instruments R@10 0.0894 0.1171 0.0805 0.1290 0.1085 0.1204 0.1324 0.1126 0.1295 -

MRR 0.0624 0.0570 0.0552 0.0659 0.0815 0.0832 0.0668 0.0809 0.0919 10.46%

N@10 0.0677 0.0744 0.0594 0.0851 0.1220 0.1065 0.0852 0.1161 0.1343 10.08%

Arts R@10 0.0952 0.1124 0.0840 0.1477 0.1645 0.1455 0.1506 0.1649 0.1735 5.22%
MRR 0.0641 0.0678 0.0564 0.0726 0.1138 0.1008 0.0719 0.1155 0.1283 11.08%

N@10 0.0775 0.0832 0.0671 0.0855 0.1141 0.1096 0.0890 0.1135 0.1288 12.88%

Office R@10 0.1084 0.1215 0.0900 0.1358 0.1403 0.1418 0.1384 0.1428 0.1596 11.76%
MRR 0.0887 0.0751 0.0631 0.0745 0.1089 0.1041 0.0783 0.1105 0.1237 11.95%

N@10 0.0853 0.0833 0.0596 0.0796 0.0978 0.0973 0.0841 0.0944 0.1049 7.26%

Pet R@10 0.1084 0.1173 0.0917 0.1238 0.1214 0.1235 0.1249 0.1188 0.1307 4.64%
MRR 0.0833 0.0780 0.0537 0.0716 0.0935 0.0936 0.0772 0.0888 0.1013 8.23%

ranking ability: In most domains, relatively improvement on NDCG
and MRR is higher than on Recall.

We attribute ROMA’s success to these factors: (1) The VA-MLM
task enables ROMA to utilize multiple modalities for comprehen-
sive user/item modeling. This explains its greater enhancements in
domains like Games where visual features are pivotal. (2) Partition
of model and tasks in ROMA endows a more effective injection of
modeling and prediction abilities, which benefits the adaptation of
PLM for recommendation and brings better ranking ability. (3) the
MOoA routing strategy grants ROMA with non-conflicted knowl-
edge transfer from upstream to downstream domains, enabling the
pre-trained model effectively to adapt to downstream domains.
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(a) Scientific (b) Instruments
Figure 2: Performance comparison w.r.t. cold-start items. The
bar graph denotes the number of items with different interac-
tion numbers. The line chart denotes relative improvement
ratios compared with the baseline method SASRec.

4676

5.2 Cold-start Analysis (RQ2)

We make a comparison about the performances of methods to-
wards cold-start problem. We choose the smallest Scientific and
Instruments domain and divide their test set into different groups
by item frequency in the training set. The performances on these
groups are shown in Figure 2.

It turns out that modality-enhanced methods outperform ID-
based methods under most settings, and the relative improvement
is more stable for colder items. This aligns with the observation that
ID-based methods struggle to model less popular items. Moreover,
ROMA achieves the best few-shot performance among all methods
in most cases, which indicates the efficacy of multiple modalities
for cold-start problem and the mastery of adapting PLM in item
modeling over feature-based methods like MISSRec.

5.3 Analysis of Domain Affinity (RQ3)

5.3.1 Adapter weights can capture domain affinities. To investigate
the efficacy of our routing strategy, we analyze how fine-tuned
MoA gates allocate weights to various upstream domains: For each
downstream domain, we sample 1,000 sequences and gather weights
assigned to adapters on all sequence tokens, then we average and
normalize these weights by corresponding upstream domains.

We take normalized weights to indicate affinities between up-
stream and downstream domains and depict domain correlation
in Figure 3. We observe that affinities learned by MoA gates are in
a coherent alignment with the intuitive proximity between these
domains. For example, for Games domain, the most-related up-
stream domain is Movies, which is reasonable since lots of games
are adapted from films and television works. There also exists
counter-intuitive cases like the negative affinity between CDs and
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Table 3: Ablation analysis on three downstream datasets. We choose domains with least, medium and most interactions for
comprehensive ablation. The best and the second-best performance are denoted in bold and underlined fonts, respectively.

. Scientific Games Office

Variants

N@10 R@10 MRR N@10 R@10 MRR N@10 R@10 MRR
(0) ROMA 0.1139 0.1619 0.1058 0.0891 0.1426 0.0823 0.1288 0.1596 0.1237
(1) w/o VA-MLM 0.1099 0.1599 0.1024 0.0817 0.1324 0.0757 0.1269 0.1573  0.1220
(2) w/o user-item contrast 0.1080  0.1548 0.1003 0.0847 0.1363 0.0785 0.1120 0.1442 0.1063
(3) w/o partition 0.1086  0.1534 0.1015 0.0829 0.1343 0.0766 0.1253 0.1566  0.1201
(4) w/o top MoA 0.1102  0.1582 0.1023 0.0863 0.1400 0.0794 0.1278 0.1576  0.1229
(5) w/o image 0.1080 0.1584 0.0993 0.0857 0.1382 0.0786 0.1283  0.1581 0.1235
(6) w/o real-time negatives  0.1068  0.1501 0.0990 0.0840 0.1412 0.0763 0.1131 0.1373  0.1084
(7) w/ RoBERTa-Base 0.1113 0.1649 0.1030 0.0881 0.1435 0.0814 0.1223 0.1643 0.1171
(8) w/ CLIP-Large-P14 0.1120 0.1612 0.1036 0.0884 0.1416 0.0817 0.1287  0.1592  0.1237

Instruments, which may comes from user group divergence. Over-
all, Figure 3 suggests that ROMA’s routing strategy can efficiently
transfer knowledge from closely related upstream domains.

o
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Figure 3: We normalize the weights allocated to upstream do-
main adapters by fine-tuned downstream models to analysis
the domain affinities learned by transfer strategy.

5.4 Ablation Study (RQ4)

We construct 8 variants to analyze each component’s contribution.

In variant (1) and (2), we separately remove the VA-MLM task
and the UIC task in Section 3.3. Performance degradation from task
absence confirms the validity and necessity of our adaption towards
two-aspect divergences. Besides, variants (1) and (2) both outper-
form ROMA without pre-training in Table 4, further indicating the
effect of single task for recommendation-oriented adaption.

Then we examine the effectiveness of our architecture designs.
Variant (3) cancels the partition strategy and moves the VA-MLM
task to the top of the model. The triggered performance decline
verifies that our hierarchical adaption strategy improves model’s
learning efficiency for different skills. Variant (4) removes MoA
modules in top layers, it performs worse without measure for the

negative transfer. And MoAs have more assistance for sparser do-
mains, which have stronger dependency on transfered knowledge.

Variant (5) removes image attributes to limit the input to be
text-only. The decreased results show the value of multi-modality
for RS. The small performance gap on the Of fice domain could be
caused by high image similarity between Of fice items.

Variant (6) cancels the real-time negatives in fine-tuning, and
only adopts the frozen embedding table as negatives, the perfor-
mance decay indicates that random real-time negatives can reach a
better balance between computation cost and performance, which
is especially pivotal for domains with more items and interactions.

For variant (7) and (8), we replace the PLM and vision encoder
with larger RoBERTa-Base and inferior CLIP-Large-P-32, respec-
tively. With RoBERTa, ROMA receives the highest Recall rate, but
exhibits worse on ranking metric NDCG and MRR, which may
result from excessive concentration on text. And with CLIP, ROMA
only receives modest metric decline. We demonstrate that our
ROMA framework is robust for different PLMs and vision encoders.

5.5 Industrial Deployment and Evaluation

In this section, we describe the deployment of our ROMA within
a large-scale commercial recommender system at Huawei. Specifi-
cally, we showcase its application in advertisement recommenda-
tion on the homepage of the Huawei AppGallery. As illustrated in
Figure 4, when a user opens the AppGallery homepage, they are
presented with a horizontally scrolling banner of advertisements at
the top. Additionally, clicking on any banner or app icon directs the
user to a detailed page featuring app screenshots. Users can down-
load and install advertised apps by clicking the "Install’ button. The
recommender system currently serves a large base of smartphone
users daily, with recommended advertisements and banner images

updated frequently to ensure content freshness and relevance.
To evaluate the effectiveness of ROMA for industrial use, we

deployed it in our App recommender system. We treated adver-
tisements and native app interactions as two separate domains
and collected both textual information and images as multi-modal
data. The ROMA model was pre-trained using the BGE language
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Figure 4: An Illustration of Advertisement Recommenation
at Huawei AppGallery.

model [5], generating user and item embeddings with a dimen-
sionality of 64. These embeddings were then used as pretrained
features in the downstream ranking model (a DIN-like model [72])
for advertisement recommendation. We conducted online A/B test-
ing using 10% of randomly sampled user traffic per group over a
one-week period. During this time, we observed a 7.29% increase
in average DTR (Download-Through Rate in terms of downloads)
and a 3.17% increase in ECPM (Effective Cost Per Mille in terms of
revenue) for advertisements, which are significant improvements
in our scenario. Currently, ROMA has been fully deployed as a
common multi-modal embedding extraction service, supporting
the main traffic of Huawei’s AppGallery recommender system.

6 CONCLUSION

In this paper, we proposed a framework named ROMA to effectively
adapt a PLM as a multi-modal sequential recommender. Based on
our in-depth analysis of the divergences between PLMs and recom-
menders, we apply a partition strategy to divide the original model
into the bottom and top layers and conquer disparities at different
levels. To integrate the vision modality and adapt to recommenda-
tion context, we train bottom layers with vision-augmented mask
language modeling task. To master behavior prediction and avoid
domain conflicts, we apply MoA modules with delicate routing
strategies in user-item contrastive task to train top layers. During
pre-training and fine-tuning, rational negative sampling strategies
ensure the balance between efficiency and efficacy.

With the above designs, ROMA achieves impressive improve-
ments on open-source benchmarks. Further analysis reveals that
ROMA'’s pre-training always achieves positive transfer, and the
partition strategy grants ROMA low saturation and better layer
attention patterns. Besides, ROMA exhibits better performance for
cold-start items than other methods. Finally, the ablation study
shows the effectiveness of ROMA’s each component, it also demon-
strates ROMA’s universality towards different foundation models.

In the appendix, we also compare the pre-training effects of
ROMA with other methods, along with some case study experi-
ments that explore the mechanism of ROMA.
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A APPENDIX

A.1 Visualization of Corpora Divergence

To more intuitively display the divergence in corpora between
recommendation and general domains, we provide a visual exhi-
bition about the proportion of words with various parts of speech
from two representative datasets, Amazon Review and pre-training
corpus of RoBERTa, in Figure 5.

It is evident that in the context of product descriptions, the rec-
ommendation corpus exhibits a markedly higher prevalence of
nouns, numerals, and adjectives compared to the general domain.
Conversely, the occurrence of verbs, adverbs, and other parts of
speech is comparatively lower. This observation superficially under-
scores the distinct disparities between the recommendation text and
general text in aspects such as textual composition, sentence con-
struction, and semantic conveyance. Consequently, it is imperative
to undertake semantic-level adaptations to enhance the modeling
accuracy of products within recommendation system.
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Figure 5: Proportion about words with different POS from
Amazon Review dataset and pre-training corpus of ROBERTa.

A.2 Effect of Pre-training (RQ2)

To examine the efficacy of ROMA’s pre-training, we make compar-
isons about the performance improvement brought by pre-training
among several typical methods. The results are shown in Table 4.

Table 4: Analysis of pre-training effect for three types of
methods. The green block means the corresponding setting
performs better, and grey means worse.

SASRec w/o Pre-training ~ SASRec w/ Pre-training

Domai
oMM R@10 N@10 MRR R@10 N@10 MRR
Scientific  0.1206 0.0655  0.0541 0.1143 0.0717  0.0652
Games 0.0971 0.0442 0.0374 0.0918 0.0476 0.0434
Office 0.1215 0.0832  0.0751 0.1180 0.0854 0.0796
MISSRec w/o Pre-training MISSRec w/ Pre-training
Domain
R@10 N@10 MRR R@10 N@10 MRR
Scientific  0.1347 0.0731  0.0610  0.1407 0.0793  0.0675
Games 0.1180 0.0548 0.0460 0.1142 0.0531 0.0449
Office 0.1310 0.0870  0.0778  0.1384 0.0890 0.0783
ROMA w/o Pre-training ROMA w/ Pre-training
Domai
oM R@10 N@10 MRR R@10 N@10 MRR
Scientific  0.1380 0.0974  0.0912 0.1619 0.1139 0.1058
Games 0.1352 0.0847 0.0782  0.1426 0.0891 0.0823
Office 0.1529 0.1248 0.1205 0.1596 0.1288 0.1237
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We can conclude that: (1) As an ID-based method, the enhance-
ment of SASRec’s pre-training is subtle and variable across met-
rics. (2) As a modality-enhanced method, although MISSRec’s pre-
training achieves relatively substantial improvements, its perfor-
mance is not consistent and causes negative transfer to the Game
domain. (3) In contrast, ROMA surpasses in both the magnitude and
universality of improvement. This indicates that the routing strat-
egy of our MoA modules in the top layers achieve an anticipated
effect to mitigate conflicted knowledge from upstream domains.

Besides, under no pre-training setting, ROMA also generally
performs better, demonstrating the advantage of content-based RS
and the exceptional comprehension capability of PLM.

A.3 Case study for cross-domain knowledge
transfer

Compared to ID-based methods, modality-based approaches are
more abstract and complex in cross-domain transfer. We conduct a
case study to illustrate the knowledge our method transfers from
pre-training to assist recommendation in downstream domains.
We select the Games domain, which shows the greatest rela-
tive improvement among downstream domains, and the Movies
domain, which is allocated with the highest weight among domain
adapters from Games, as subjects for analysis. The two sequences
in Figure 6 from different users demonstrate how ROMA utilizes
modal information for knowledge transfer: During pre-training,
sequences in the Movies domain that contain both Dragon Ball
and Gundam related products inspire ROMA with the association
between these two topics. During fine-tuning in the Games domain,
this association is transferred and enables ROMA to recommend
products of one topic for users who are interested in the other.
Based on our statistics, there are 53 examples containing both
above topics in the Movies domain and 12 in the Games domain.
There might be thousands of similar cases between different domain
pairs, here, we just select one intuitive example as illustration. A
deeper investigation of the transfer mechanisms is left for future.

g Item ID: BOOA™™** H
4! Name: Dragon Ball Z |
| Kai Season 4 i

o]
?@ Gundam Round 1, Mark
Gatha

oo User ID: APHQrs#swess

J Item ID: BOO5™****
Name: Bandai Namco
Mobil Suit Gundam
Extreme vs. for Ps3

Target Domain: Video&Games i

Item ID: BOOX******

Name: Dragon Ball Z: i
Extreme Butoden - i
Nintendo 3ds ;

Reo-LM! | Q,W’

Figure 6: A case study for the knowledge transfer: The correla-
tion between items of similar modality features is transfered
from Movies domain to the Games domain.

A.4 Influence of Partition Strategy

A.4.1  Influence on model behavior. We exhibit the knowledge in-
jection effects of ROMA’s partition strategy through the attention
pattern and saturation status. We sample 1,000 sequences to plot
[CLS] attention entropy [8] of various models by layers in Figure 7
(a). Higher entropy signifies more widespread attention. Compared
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to no partition, the attention entropy of ROMA’s medium layers
is much lower while the top is higher. This confirms that the top
layers are driven to focus on global information by the behavior pre-
diction task. And bottom layers attend to features within local item,
there is less information conduction among items, which causes
lower entropy. In Figure 7(b), we depict cosine similarities between
hidden states of the last layer and former layers. We observe the
saturation status [13] in the original PLM. And lower similarities
indicate ROMA inject behavior prediction ability into saturated
high layers more efficiently than ROMA without partition.

.‘\ . e 1.007 _s- w/o Partition //:
S .- it /
7 }’;j:—)'(; -+~ w/ Partition x,f/
P - /
6 Y i 2 0.75 Original PLM X
Y / /o
I ! /l
1 / ]
N /] /1
/
4 WX ;i 0.50 A
[ / /
VN X ] S
VxS X,
\ / x”
2 o/ 0.25 o
\ / . - -
N -2~ w/o Partition PTIVSVEVESS S i
v -~ w/ Partition .-ttt
0 0
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(b) Hidden state similarities

1234567 89101112
(a) Layer attention entropy

Figure 7: Influence of the partition strategy to model’s layer
attention entropy and similarity saturation status.
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A.4.2  Influence on model stability. In our principal experiment, we
intuitively partition the model into two parts with equal layers. We
investigate the influence of the partition location on ROMA’s per-
formance. Without loss of generality, we test ROMA’s performance
when the model is divided at all even layers. We plot how NDCG
and Recall metrics vary with the change of partition location in Fig-
ure 8. It turns out that ROMA’s performance is minimally affected
by the partition location; we do not find our partition strategy to
perform particularly well at any specific layer, but dividing at the
middle layers tends to yield better results.

Scientific —=— Instruments Arts Games
NDCG@10 Recall@10

013 0.17
0.12 0.16
011 015
0.10

—_—— | 0.14
0.09
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—
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Partition Layer
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0 2
Partition Layer

Figure 8: Influence of the partition location to the stability
of ROMA’s performance.
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