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Abstract

Recent advances in sequential recommendation models have
demonstrated the efficacy of integrating pre-trained text em-
beddings with item ID embeddings to achieve superior per-
formance. However, our study takes a unique perspective by
exclusively focusing on the untapped potential of text em-
beddings, obviating the need for ID embeddings. We begin
by implementing a pre-processing strategy known as whiten-
ing, which effectively transforms the anisotropic semantic
space of pre-trained text embeddings into an isotropic Gaus-
sian distribution. Comprehensive experiments reveal that ap-
plying whitening to pre-trained text embeddings in sequential
recommendation models significantly enhances performance.
Yet, a full whitening operation might break the potential
manifold of items with similar text semantics. To retain the
original semantics while benefiting from the isotropy of the
whitened text features, we propose a Dual-view Whitening
method for Sequential Recommendation (DWSRec), which
leverages both fully whitened and relaxed whitened item rep-
resentations as dual views for effective recommendations. We
further examine the advantages of our approach through both
empirical and theoretical analyses. Experiments on three pub-
lic benchmark datasets show that DWSRec outperforms state-
of-the-art methods for sequential recommendation.

Introduction
The sequential recommendation aims to provide personal-
ized item recommendations to users over time (Zhou et al.
2020; Lei et al. 2021; Hou et al. 2022; Zhang et al. 2023).
Recently, there has been an upsurge of interest in developing
sequential recommendation methods that incorporate tex-
tual information about items, such as product attributes (Xie,
Zhou, and Kim 2022), descriptions (Hou et al. 2022; Zhou
et al. 2023a), and reviews (Shuai et al. 2022). These ap-
proaches typically meld textual features with ID embed-
dings, underscoring the pivotal role of ID embeddings in
the recommendation process. However, there are three pri-
mary benefits in exploring sequential recommendation rely-
ing exclusively on textual features (denoted as TextSRec):
Firstly, it bolsters performance in cold-start scenarios, cir-
cumventing the pitfalls of random ID embeddings initializa-
tion for new products. Secondly, TextSRec offers superior
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efficiency over conventional ID-based methods since it ob-
viates the necessity for substantial tensor storage and com-
putational resources, negating the need for a large, continu-
ally updated ID embedding matrix. Lastly, in contrast to the
non-transferable nature of ID embeddings, text embeddings
maintain versatility across various platforms and domains.
Despite these benefits, there exists a noticeable gap in re-
search dedicated to pure TextSRec.

Most existing sequential recommendation models (Hou
et al. 2022; Wang et al. 2022b; Yuan et al. 2023) usu-
ally utilize text embeddings directly from pre-trained lan-
guage models, such as BERT (Vaswani et al. 2017). Re-
cent research (Yuan et al. 2023) posits that superior per-
formance from TextSRec is achieved exclusively with ad-
vanced pre-trained language models. We contend that these
models do not optimally harness pre-trained text embed-
dings for sequential recommendation. This suboptimal use
is, in part, due to the representation degeneration issue in-
herent in BERT embeddings. Recent studies in NLP indicate
that BERT sentence embeddings experience this problem,
which leads to anisotropy in the vector space, limiting their
efficacy in downstream tasks (Li et al. 2020; Su et al. 2021).

To mitigate the anisotropy in pre-trained text embeddings,
we adopt a whitening transformation (Kessy, Lewin, and
Strimmer 2018) for sequential recommendation. This trans-
formation refines the distribution of the pre-trained text em-
beddings into an isotropic Gaussian distribution, eliminating
correlations among the axes. Our rigorous evaluation has un-
equivocally demonstrated that sequential models incorporat-
ing whitened text features consistently and substantially out-
perform those utilizing ID embeddings or text embeddings.

While whitening is advantageous for recommendations,
over-whitening might adversely affect the manifold of items
with analogous textual semantics. As a result, a more nu-
anced approach could involve partially decorrelating dimen-
sions. This method maintains a higher degree of original
textual semantics, albeit at the cost of embedding unifor-
mity (Weng et al. 2022). Although preserving text semantics
might seem beneficial for recommendations, our empirical
result indicates that complete whitening produces best re-
sults compared to varying levels of partial whitening.

To reap the benefits of full whitening while preserving
the partial semantics in original text features, we propose a
novel Dual-view Whitening method on pre-trained text em-
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beddings for Sequential Recommendation, named DWSRec.
Initially, we employ a dual-view item encoder with a shared
projection head, deriving both fully whitened and relaxed
whitened representations from pre-trained text features. The
former ensures decorrelation across all dimensions, while
the latter targets decorrelation within specific dimensional
groups. Then, we utilize a decoupled attention-based dual-
view transformer to encode sequences composed of fully
and relaxed whitening representations. Namely, we gener-
ate two sets of key-query pairs in the attention layer. For
learning the sequence embedding based on full whitening, it
serves as the value and the initial key-query pair, while the
relaxed whitening acts as the second key-query pair. Like-
wise, when learning the sequence embedding with relaxed
whitening, it is used as the value and the primary key-query
pair, with the full whitening serving as the second pair. Dif-
ferent extents of whitened representations are employed col-
lectively and interchangeably to enhance the attention cal-
culation of the transformer. Lastly, we leverage a dual-view
fusion module to adaptively merge these view-specific se-
quence embeddings as well as item embeddings using two
separate weighted attention layers for recommendation.

To assess the effectiveness of DWSRec, we conduct em-
pirical and theoretical analyses on representation uniformity
and alignment, conditioning, and information reconstruc-
tion. Results show it can improve user and item represen-
tation uniformity and alignment, achieving better perfor-
mance. The conditioning of the transformed item embed-
ding matrix is also enhanced, promoting training stability.
A mathematical analysis indicates DWSRec is superior in
preserving information, necessitating less data for training
input reconstruction. Our contributions are as follows:

• We show through empirical analysis that anisotropy in
pre-trained text embeddings limits TextSRec’s perfor-
mance. We address this by using a whitening transforma-
tion, significantly enhancing TextSRec’s performance.

• Noting that full whitening might affect similar textual se-
mantics, we introduce DWSRec to leverage different de-
grees of whitening for effective sequential recommenda-
tion. We analyze its benefits in representation, condition-
ing, and information reconstruction.

• Extensive experiments are conducted on three bench-
mark datasets. Notably, DWSRec outperforms state-of-
the-art models across all metrics for all three datasets.

Related Work
Sequential Recommendation Systems One of the ear-
liest approaches is Markov Chain-based models (Rendle,
Freudenthaler, and Schmidt-Thieme 2010), which mod-
els the probability of transitions between items in a se-
quence. However, these models often suffer from the cold-
start problem and have limited capability of handling com-
plex sequence patterns. Another approach views the se-
quence as an image and has led to the development of a
line of works based on Convolution Neural Network (Tang
and Wang 2018; Yuan et al. 2019). Recurrent Neural Net-
work (Donkers, Loepp, and Ziegler 2017; Peng et al. 2021)

has shown remarkable performance in utilizing sequen-
tial information for recommendation. Graph Neural Net-
works (Chang et al. 2021; Zhang et al. 2022) have been
explored to model complex item transition patterns. Re-
cently, methods based on transformer architecture (Kang
and McAuley 2018; Sun et al. 2019; Zhou et al. 2020; Liu
et al. 2021; Xie et al. 2022) have shown strong performance
in capturing long-range dependencies in a sequence.

Text-enhanced Recommendation Systems Recent
works (Zhou et al. 2020; Xie, Zhou, and Kim 2022;
Zhang et al. 2019; Hou et al. 2022; Yuan et al. 2023) have
attempted to leverage textual data of items, such as de-
scriptions, attributes, or brands of products to improve item
representations for recommendations. Some works (Zhou
et al. 2020; Xie, Zhou, and Kim 2022) focus on modeling
item attributes and optimizing the model with the attribute
prediction task. With the fast development of NLP tech-
niques, more works (Zhang et al. 2019; Wang et al. 2022b;
Yuan et al. 2023; Zhou and Shen 2023) extract the pre-
trained features from product descriptions using pre-trained
language models. Although these works achieve promising
results, they directly utilize the pre-trained text embeddings
without analyzing their potential problems. Note that
UniSRec (Hou et al. 2022) uses a linear transformation to
address text anisotropy. However, our experimental results
show that this method does not necessarily yield whitened
outputs that remove correlation across feature dimensions,
thereby resulting in suboptimal performance.

Whitening Whitening, or decorrelation, avoids feature di-
mension collapse by decorrelating each dimension (Kessy,
Lewin, and Strimmer 2018). One of the earliest approaches
to whitening is Principal Component Analysis (PCA).
Compared with PCA, Zero-phase Component Analysis
(ZCA) (Bell and Sejnowski 1997) whitening introduces an
additional rotation back to the original coordinate system.
Cholesky Decomposition (CD) (Dereniowski and Kubale
2004) whitening proposed by (Siarohin, Sangineto, and Sebe
2019) decomposes the covariance matrix into a lower tri-
angular matrix and its conjugate transpose. Recently, UniS-
Rec (Hou et al. 2022) adopts a parametric whitening (PW)
method which uses a linear layer for whitening transforma-
tion for better generalizability. In the field of deep learn-
ing, prior research efforts (Ioffe and Szegedy 2015; Huang
et al. 2018; Hua et al. 2021) explore the application of
whitening to the activation of intermediate layers in neu-
ral networks. Lately, another research direction (Ermolov
et al. 2021; Weng et al. 2022; Bardes, Ponce, and LeCun
2022) has emerged, focusing on employing whitening for
self-supervised learning, which seeks to avoid the collapse
of augmented representations into a single point. Different
from these studies, our work leverages different extents of
decorrelation strength during the whitening process of pre-
trained text embeddings for sequential recommendations.

Preliminaries
Task Formulation In sequential recommendation, we de-
note a set of users as U with size |U| and a set of items as V
with size |V|. Each user in U is associated with a sequence
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Figure 1: Three variations of SASRec.

of items s = {v1, · · · , v|s|} where vt ∈ V denotes the item
that the user has interacted with at the t-th timestamp. |s|
is the sequence length. The objective is to consider the past
item sequences of a user and predict the next item (v|s|+1)
that the user is likely to adopt.

Whitening Transformation Whitening (Kessy, Lewin,
and Strimmer 2018) is a linear transformation to project ele-
ments of a feature matrix onto a spherical distribution. Here,
we perform ZCA whitening on pre-trained text features of
all items, denoted as X ∈ Rdt×|V|. dt is the feature dimen-
sion. Specifically, the output of ZCA whitening is:

Z = DΛ− 1
2D⊤(X− µ · 1⊤), (1)

where Λ = diag(σ1, · · · , σdt
) and D = [d1, · · · ,ddt

]
are the eigenvalues and associated eigenvectors of Σ =
DΛD⊤. Σ = 1

|V| (X − µ · 1⊤)(X − µ · 1⊤)⊤ + ϵI is the
covariance matrix of the centered input X. The ZCA output
has the property of ZZ⊤ = Idt to make X fully whitened.
Given that ZCA assumes a full rank covariance matrix, con-
ducting ZCA on all items’ feature matrix X in which the
cardinality of I significantly exceeds the dimensionality of
dt (i.e., |V| ≫ dt) ensures that Σ is full rank. ZCA whiten-
ing is stringent, decorrelating all dimensions of X. We can
relax the whitening with “group whitening” by standardiz-
ing covariance matrices within dimensional groups (Huang
et al. 2018; Hua et al. 2021). Given the input X ∈ Rdt×|V|,
the output is a matrix Y ∈ Rdt×|V|:

Y[h] = ZCA(X[h]), (2)

where X[h] =

((
X

(h−1)· dtG +1

)⊤
, · · · ,

(
X

h· dtG

)⊤
)⊤

∈

R
dt
G ×|V| and Y[h] ∈ R

dt
G ×|V|. Namely, Y is derived by di-

viding all feature dimensions dt into G groups and applying
ZCA whitening to each group independently. When G=1,
full whitening that decorrelates all dimensions of X is per-
formed. When G>1, the whitening is relaxed, decorrelating
only intra-group dimensions.

SASRecID & SASRecT & SASRecW SASRec (Kang
and McAuley 2018), by utilizing the self-attention mech-
anism, serves as a foundational model for state-of-the-art
sequential recommendation methods (Qiu et al. 2022; Hou
et al. 2022). Hence, we examine three variants of SAS-
Rec (Kang and McAuley 2018) to illustrate the anisotropy
issue inherent in pre-trained text embeddings: SASRecID,

Model Arts Toys Tools
R@50 N@50 R@50 N@50 R@50 N@50

SASRecID 0.1967 0.0887 0.1581 0.0558 0.0941 0.0463
SASRecT 0.2129 0.0850 0.1542 0.0539 0.1055 0.0448
SASRecW 0.2348 0.0939 0.1798 0.0639 0.1196 0.0519

Table 1: Performance of SASRecID, SASRecT , SASRecW .
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Figure 2: (a) CDF plot of item pairs for Arts. (b) Perfor-
mance of SASRecW w.r.t the number of whitening groups.

SASRecT , and SASRecW . Their primary distinction is in
item embedding encoding before the transformer layers as
presented in Fig. 1. SASRecID is the base SASRec. It em-
ploys a randomly initialized ID embedding matrix, denoted
as E ∈ Rd×|V|, to depict items. d indicates the embedding
size. SASRecT presumes that items possess textual informa-
tion. The item embeddings are initialized using pre-trained
text features X, and are not updated throughout the training
process. X is then passed to an MLP projector with two hid-
den layers and ReLU activations to reduce dimensionality.
SASRecW mirrors SASRecT but pre-processes X with the
whitening transformation on all items.

Methods and Main Results
Full Whitening Enhances Performance
Recent studies in NLP highlight that BERT sentence embed-
dings often degenerate into an anisotropic shape (Li et al.
2020; Su et al. 2021). Such degeneration compromises the
performance of downstream language modeling tasks. Given
the frequent use of BERT embeddings in text-based recom-
mendation models, we show that the whitening of BERT
embeddings, which addresses the anisotropy issue, substan-
tially improves sequential recommendation performance.

To validate our claim, we evaluate the performance of
SASRecID, SASRecT , and SASRecW (G=1, using fully
whitened representations). As in Table 1, SASRecW signifi-
cantly outperforms the others across all datasets, which can
be attributed to the whitening transformation that addresses
the anisotropy issue in text features. It notably improves per-
formance without adding any trainable parameters.

Relaxed Whitening Retains Text Semantics yet
Degrades Performance
Using fully whitened representations with G=1 may nega-
tively impact the manifold of items with similar textual se-
mantics compared to the original text representation. We
illustrate this by visualizing the Cumulative Distribution
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Function (CDF) plot, which shows the cosine similarities
between item pairs with varying extents of whitening on
text embeddings of Arts (i.e., different G) in Fig. 2(a). The
legend denotes the G involved in whitening transformation,
with a smaller G implying a higher degree of decorrela-
tion and stronger suppression of redundant information. As
Fig.2(a) shows, weaker whitening results in a broader, less
concentrated CDF line, preserving textual semantics through
increasingly similar item representations.

While retaining text semantics is intuitively beneficial for
recommendation tasks, it can lead to cluttered item embed-
ding distributions. As G increases, the distribution becomes
increasingly non-uniform. As presented in Fig. 2(b), experi-
ments on SASRecW using G from {1, 4, 8, 16, 32, 64, 128}
show that a smaller G achieves optimal performance. This
suggests that enhanced decorrelation improves representa-
tion learning in the sequential recommendation.

DWSRec: Dual-view Whitening for Sequential
Recommendation
Previous sections demonstrate that employing whitening
techniques to decorrelate dimensions resolves the feature
degeneration problem, thereby improving sequential rec-
ommendation performance. However, straying from full
whitening to retain original text semantics leads to sub-
optimal results. To maximize whitening benefits while pre-
serving some original semantics, we introduce DWSRec,
which utilizes varying degrees of whitened representations
as multi-faceted views to enhance user and item modeling.
The illustration of DWSRec is shown in Fig. 3.

Dual-view Item Encoder We apply both the full and re-
laxed whitening on item text features X. The resultant em-
beddings are denoted as YG=1 and YG>1, respectively.
Then, we map both YG=1 and YG>1 into a latent space us-
ing a shared projection head consisting of two MLP layers.
The outputs from the projection are denoted as V1 ∈ Rd×|V|

and V2 ∈ Rd×|V| for YG=1 and YG>1 respectively.

Dual-view Sequence Encoder The transformer model
(Vaswani et al. 2017) has become a preeminent method for
sequence encoding. However, its conventional design pri-
marily focuses on the self-correlation within a single type of

sequence. Inspired by (Xie, Zhou, and Kim 2022), we adapt
the transformer with a decoupled attention mechanism to en-
code sequences from diverse whitening views. This refines
the attention computation for a given view by leveraging an
alternative view, thus enabling adaptive gradient adjustments
to capture the nuances of different whitenings.

As shown in Fig. 3, the dual-view sequence encoder com-
prises two transformer modules with shared parameters. A
transformer module contains multiple stacked blocks, with
each block consisting of a decoupled attention layer and a
feed-forward layer (FFN). These blocks utilize two input
types generated from the dual-view item encoder: full and
relaxed whitening. Given a user sequence s, the embeddings
for all items in s retrieved from V1 and V2 are denoted as
Vs

1 ∈ Rd×|s| and Vs
2 ∈ Rd×|s| respectively. For each decou-

pled attention layer, two sets of key-query projection matri-
ces and one value projection matrix are generated for each
of h heads. They are denoted as W1,i

K , W1,i
Q , W2,i

K , W2,i
Q ,

Wi
V ∈ Rdh×d, i ∈ [h], and dh = d/h. We first learn the se-

quence representation using Vs
1 and correlate it with Vs

2. We
use Vs

1 as the input to the value and first key-query pair pro-
jections, whereas Vs

2 is used for the second key-query pair
projections in attention computation. Specifically, attention
matrices of a head i for Vs

1 given Vs
2 are formulated as:

atti1 = (W1,i
Q Vs

1)(W
1,i
K Vs

1)
⊤, atti2 = (W2,i

Q Vs
2)(W

2,i
K Vs

2)
⊤.

These matrices are fused with a function F using addition
to produce outputs for each head:

headi = σ(
F(atti1, att

i
2)√

d
)(Wi

V Vs
1). (3)

The concatenated outputs of all attention heads serve as the
input to the FFN. After L decoupled transformer layers, fol-
lowing (Zhou et al. 2020), the embedding of the sequence’s
last item represents the sequence and is denoted as s1 ∈ Rd.

Next, we derive the sequence representation using Vs
2

and correlate it with Vs
1. Here, Vs

2 serves as input to the
value and first key-query pair projections, whereas Vs

1 is
employed for the second key-query pair projections. The
corresponding attention matrices for Vs

2 in relation to Vs
1

are detailed below:
âtt

i

1 = (W1,i
Q Vs

2)(W
1,i
K Vs

2)
⊤, âtt

i

2 = (W2,i
Q Vs

1)(W
2,i
K Vs

1)
⊤,

ĥead
i
= σ(

F(âtt
i

1, âtt
i

2)√
d

)(Wi
V Vs

2). (4)
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Figure 4: lalign− luniform plots for representations of users
during training. We visualize these two metrics in each
epoch, and the stars indicate the last converged epoch. For
lalign and luniform, lower numbers are better.

The output sequence embedding is denoted as s2 ∈ Rd.
Our proposed dual-view sequence encoder leverages di-

verse views of whitened embeddings to interchangeably up-
date the attention heads within the transformer model. This
approach can be perceived as generating augmented data in-
stances, thereby enriching the training process and enhanc-
ing overall performance.

Dual-view Fusion Given two views of sequence embed-
dings, s1 and s2, and two views of item embeddings V1 and
V2, we aim to adaptively merge these view-specific embed-
dings using learnable attentive weights. The resulting aggre-
gated sequence representation, s, is computed as follows:

s =
∑

ei∈{s1,s2}

f(ei)ei, f(ei) =
exp(a⊤ ·Waei)∑
i exp(a⊤ ·Waei)

,

where a ∈ Rd and Wa ∈ Rd×d are trainable attention pa-
rameters. Similarly, the aggregated item representation V is
computed as:

V =
∑

Ei∈{V1,V2}

f(Ei)Ei, f(Ei) =
exp(b⊤ ·WbEi)∑
i exp(b⊤ ·WbEi)

,

where b ∈ Rd and Wb ∈ Rd×d are trainable attention pa-
rameters. With V ∈ Rd×|V| and s ∈ Rd, the model is opti-
mized with the cross-entropy loss:

L = − log(ŷ) onehot(y), ŷ = softmax(V⊤s), (5)

where y is the ground-truth next item given a user sequence.

Discussion and Analysis
Uniformity and Alignment We analyze the user embed-
ding su and the target item embedding vi retrieved from
V concerning their uniformity and alignment under the
assumption that vectors are normalized (Wang and Isola

0 10 20 30 40 50
Epoch

5

10

15

20

25

30

Co
nd

iti
on

 N
um

be
r SASRecT

SASRecW
DWSRec

(a) Arts-Condition Number

0 10 20 30 40 50
Epoch

5

10

15

20

25

30

Co
nd

iti
on

 N
um

be
r SASRecT

SASRecW
DWSRec

(b) Toys-Condition Number

0 10 20 30 40 50
Epoch

2.0

2.1

2.2

2.3

2.4

Tr
ai

ni
ng

 L
os

s

×103

SASRecT
SASRecW
DWSRec

(c) Arts-Training Loss

0 10 20 30 40 50
Epoch

3.8

4.0

4.2

4.4

Tr
ai

ni
ng

 L
os

s

×103

SASRecT
SASRecW
DWSRec

(d) Toys-Training Loss

Figure 5: Conditioning analysis for SASRecT , SASRecW ,
and DWSRec. We plot the condition number (log-scale) cal-
culated for the item embedding matrix after projection and
the training loss with respect to each epoch.

2020; Wang et al. 2022a). We denote the alignment be-
tween representations of positive-related user-item pairs
(i.e., ⟨su,vi⟩) as lalign, the uniformity within user repre-
sentations su as luniform−user, and the uniformity of item
representations vi as luniform−item. We visualize these
three metrics for four methods (i.e., SASRecID, SASRecT ,
SASRecW , DWSRec) in Fig.4 for Arts and Toys datasets.
Both SASRecW and DWSRec achieve better alignment and
user uniformity compared to SASRecT , leading to enhanced
performance. DWSRec further improves all metrics com-
pared with SASRecW and achieves the best performance.
Notably, SASRecID shows high uniformity but poor perfor-
mance, suggesting that excessive uniformity can impair rec-
ommendations by overlooking semantically similar items.

Conditioning Analysis We highlight the benefits of
SASRecW and DWSRec in achieving improved condition-
ing of item embedding matrix V. Given the covariance
matrix A of V, we measure its conditioning by the con-
dition number (Song, Sebe, and Wang 2022): κ(A) =
λmax(A)λ−1

min(A), where λ(·) is the eigenvalue of the
matrix. Well-conditioned matrices possess a low condition
number, in contrast to ill-conditioned matrices with high
values. In neural networks, ill-conditioned covariance ma-
trices adversely impact training stability and optimization.
Fig. 5(a)-(d) display the evolution of condition numbers and
training loss over training epochs for Arts and Toys. Results
indicate that SASRecW and DWSRec converge faster and
exhibit superior conditioning than SASRecT . This shows
the efficiency of whitening transformation in streamlining
the optimization process, with DWSRec exhibiting the best
conditioning and achieving the fastest convergence rate.

More Preserved Information in DWSRec When X is
fully whitened with transformation Q, we obtain X̂ =
QX = [I · · · ]. Here, Q ∈ Rd×d is the inverse of the sub-
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Model Arts Toys Tools
R@20 R@50 N@20 N@50 R@20 R@50 N@20 N@50 R@20 R@50 N@20 N@50

GRCN 0.0851 0.1296 0.0411 0.0499 0.0651 0.0981 0.0304 0.0369 0.0452 0.0682 0.0234 0.0280
BM3 0.1233 0.1782 0.0642 0.0750 0.0965 0.1383 0.0478 0.0560 0.0530 0.0714 0.0299 0.0335

SASRecID 0.1410 0.1967 0.0776 0.0887 0.1121 0.1581 0.0467 0.0558 0.0712 0.0941 0.0418 0.0463
HGN 0.1293 0.1880 0.0693 0.0810 0.0983 0.1466 0.0435 0.0530 0.0647 0.0902 0.0375 0.0425
CL4SRec 0.1388 0.1967 0.0653 0.0768 0.1094 0.1609 0.0426 0.0528 0.0781 0.1027 0.0385 0.0433

SASRecT 0.1476 0.2129 0.0721 0.0850 0.0983 0.1542 0.0429 0.0539 0.0739 0.1055 0.0386 0.0448
SASRecT+ID 0.1435 0.2009 0.0766 0.0879 0.1163 0.1664 0.0511 0.0610 0.0728 0.0954 0.0445 0.0490
FDSA 0.1284 0.1788 0.0785 0.0888 0.0895 0.1242 0.0475 0.0543 0.0633 0.0812 0.0432 0.0468
S3-Rec 0.1411 0.2007 0.0762 0.0880 0.1068 0.1533 0.0488 0.0581 0.0707 0.0943 0.0424 0.0470
DIF-SR 0.1510 0.2126 0.0701 0.0823 0.1176 0.1663 0.0487 0.0584 0.0732 0.0955 0.0414 0.0458
UniSRecT 0.1500 0.2165 0.0738 0.0869 0.1042 0.1607 0.0451 0.0563 0.0772 0.1091 0.0407 0.0470
UniSRecT+ID 0.1611 0.2322 0.0774 0.0915 0.1257 0.1801 0.0513 0.0621 0.0828 0.1116 0.0420 0.0477

SASRecW 0.1625 0.2348 0.0796 0.0939* 0.1201 0.1798 0.0521 0.0639* 0.0861* 0.1196* 0.0453 0.0519*
DWSRec 0.1710* 0.2419* 0.0822* 0.0962* 0.1307* 0.1931* 0.0560* 0.0683* 0.0918* 0.1254* 0.0479* 0.0546*

Table 2: Performance of different methods on the warm-start setting. The best results are in boldface, and the best results for
baselines are underlined. * denotes SASRecW or DWSRec surpasses the best baseline using a paired t-test (p < 0.01).

matrix formed by the first d columns of X̂. Since the first d
columns are deterministic, X̂ can preserve (n−d)d real val-
ues. As an analogy, we infer that DWSRec, which performs
group whitening on G groups, can preserve (n − d

G )d real
values. Thus, it retains more information than SASRecW .

Time Complexity The time complexity of DWSRec
mainly stems from the MLP projection head, decoupled
attention-based transformers, and attention layers for fusion.
The total time complexity is O(|s|dtd+|s|d2+|s|2d), which
shows no order of magnitude difference with SASRecW .

Experiments
Experimental Settings
Datasets To evaluate the proposed methods, we conduct
experiments on three categories of widely-used Amazon re-
view dataset (Ni, Li, and McAuley 2019): Arts, Crafts and
Sewing, Toys and Games, and Tools and Instruments. We
abbreviate them as Arts, Toys, and Tools.

Baseline Methods We compare our methods with state-
of-the-art models, which fall into three groups: 1) general
recommendation models with text features: GRCN (Wei
et al. 2020), BM3 (Zhou et al. 2023b)); 2) sequential recom-
mendation models: SASRecID (Kang and McAuley 2018),
HGN (Ma, Kang, and Liu 2019), CL4SRec (Xie et al. 2022);
3) sequential recommendation models with text features:
SASRecT , SASRecT+ID, FDSA (Zhang et al. 2019), S3-
Rec (Zhou et al. 2020), DIF-SR (Xie, Zhou, and Kim 2022),
UniSRecT , UniSRecT+ID (Hou et al. 2022).

Evaluation 1) Warm-start Settings. Following (Zhou et al.
2020), we keep five-core datasets and discard users and
items with fewer than five interactions. We evaluate perfor-
mance using the leave-one-out strategy: for each user, the
last item in the interaction sequence is for testing, the second

last for validation, and the rest for training. 2) Cold-start Set-
tings. Following (Wei et al. 2021), a subset of items (15% of
all items) is randomly selected, and all user-item interactions
related to this subset are removed. We preserve sequences
containing the aforementioned “cold” items as target items
in the validation and testing sets. Since these items are not
encountered by the model during training, we can assess the
model’s capability to generalize to previously unseen items.

Each method is evaluated on the entire item set without
sampling to avoid inconsistent results (Krichene and Ren-
dle 2020). The recommendation performance is evaluated
by two widely-used metrics, i.e., Recall@K and Normal-
ized Discounted Cumulative Gain@K (respectively denoted
by R@K and N@K). K is empirically set to 20 and 50.

Implementation Details All models are implemented by
Pytorch (Paszke et al. 2019) and RecBole (Zhao et al. 2021).
The Adam optimizer (Kingma and Ba 2015) is used to
learn model parameters. We standardize maximum sequence
length, embedding size, and batch size at 50, 300, and 1024,
respectively, and set the number of self-attention blocks, at-
tention heads, and MLP layers in the projection head at 2.
Other hyper-parameters of baseline methods are chosen as
per their original papers. For our proposed methods, we tune
the learning rate in {1e−5, 5e−5, 1e−4, 5e−4, 1e−3} and
weight decay in {0, 1e−3, 1e−4, 1e−6}. The group number
G is empirically set to 4. The number of decoupled attention-
based transformer layers L is set to 2. To avoid over-fitting,
we apply an early stopping strategy when N@20 on the val-
idation data does not increase for 10 epochs.

Performance Comparison
Overall Performance Table 2 presents the performance
in warm-start settings. We have the following findings: 1)
General recommendation methods using text features per-
form worse than sequential methods, highlighting the effec-
tiveness of sequence encoders in capturing sequential data
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Figure 6: Performance comparison on the cold-start setting.

Model Arts Toys Tools
R@20 N@20 R@20 N@20 R@20 N@20

DWSRec 0.1710 0.0822 0.1307 0.0560 0.0918 0.0479
1) w/o s1 0.1650 0.0802 0.1217 0.0525 0.0866 0.0454
2) w/o s2 0.1652 0.0808 0.1241 0.0538 0.0869 0.0456
3) w/o D-Trm 0.1647 0.0801 0.1222 0.0527 0.0884 0.0463
4) w/o Attn 0.1702 0.0818 0.1253 0.0533 0.0908 0.0468

Table 3: Ablation study on DWSRec components.

patterns. 2) Sequential methods utilizing text features yield
better performance overall, suggesting that text features pro-
vide rich semantic information about items, and can enhance
recommendation accuracy. 3) Our methods SASRecW and
DWSRec surpass both general recommendation methods
and sequential recommendation methods employing text
features, attesting to the effectiveness of whitening text fea-
tures extracted from pre-trained encoders. 4) SASRecW ei-
ther matches or exceeds the performance of SASRecT+ID

or UniSRecT+ID, suggesting the whitening transformation
achieves better results without relying on ID embeddings
and simultaneously reduces learnable parameters. 5) DWS-
Rec outperforms all methods, showing that using both fully
and relaxed whitened representations with the dual-view en-
coders enhances user and item representation learning.

Performance in Cold-start Settings We conduct cold-
start experiments by comparing them with key baselines,
namely SASRecT and UniSRecT . From Fig. 6, we can ob-
serve: 1) UniSRecT outperforms SASRecT , highlighting
the merit of the Mixture-of-Experts adaptor with paramet-
ric whitening for text embeddings in recommendation. 2)
Full whitening SASRecWG=1 is either surpassed by or yields
similar performance to UniSRecT in the Arts and Toys
datasets. In contrast, relaxed whitening SASRecWG>1 out-
performs SASRecWG=1 and baselines, indicating that relaxed
whitening enhances generalization for unseen data, resulting
in better performance. 3) DWSRec consistently shows supe-
rior performance across datasets, confirming the efficacy of
leveraging both full and relaxed whitening with the dual-
view encoders in the cold-start context.

Ablation Study
To assess DWSRec designs, we examine four variants out-
lined in Table 3: 1) w/o s1: excludes the left segment of
the dual-view sequence encoder, using only s2 for predic-
tion. 2) w/o s2: omits the right segment, relying solely on s1
for prediction. 3) w/o D-Trm: uses the conventional trans-

PCA BN CD ZCA PW
(a) Whitening Methods
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(b) Number of Whitening Groups

N@
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Figure 7: Sensitivity studies of DWSRec w.r.t: (a) whitening
methods (b) whitening groups.

former to derive sequence embeddings via both full and re-
laxed whitening separately. 4) w/o Attn: replaces attention
fusion layers with element-wise summation. From Table 3,
it is observed that removing either s1 or s2 diminishes per-
formance, emphasizing the importance of using both embed-
dings to update the transformer and enhance its generaliza-
tion. Additionally, removing the decoupled attention leads
to further decline, illustrating the effectiveness of the in-
teraction facilitated by the decoupled attention mechanism
in harnessing fully and relaxed whitened embeddings. Also,
the attention fusion module enhances performance by adap-
tively combining embeddings from various views.

Parameter Sensitivity Study
Whitening Methods We conduct experiments to explore
the effects of different whitening transformations, including
non-parametric (PCA, BN, CD, ZCA) and parametric (PW)
methods. Results from Fig. 7(a) indicate that PW underper-
forms compared to non-parametric methods except PCA,
possibly because a linear layer does not guarantee a truly
whitened output. PCA performs the worst due to stochas-
tic axis swapping issues (Huang et al. 2018), while CD and
ZCA surpass BN by further decorrelating axes and have
comparable performances across all datasets.

Number of Whitening Groups To evaluate how decor-
relation strengths in whitening affect DWSRec, we use
the full whitening and adjust G for relaxed whitening
in {4, 8, 16, 32, 64, 128, raw}, where “raw” denotes un-
whitened text features. Fig. 7(b) reveals that the optimal G
differs by dataset: the Arts favors a larger G, the Toys favors
a smaller one, while the Tools shows no distinct preference.
“raw” in general performs the worst across all datasets.

Conclusion
This paper reveals that using text embeddings from pre-
trained language models can be sub-optimal in recommen-
dation tasks due to their anisotropic nature. To address this,
SASRecW employs a whitening transformation, convert-
ing anisotropic text embeddings into isotropic ones. How-
ever, excessive whitening can distort original text seman-
tics. Relying solely on relaxed whitening leads to reduced
performance. To harness the best of both, DWSRec incorpo-
rates fully and relaxed whitened item representations as dual
views to interchangeably update decoupled attention heads
of the transformer for enhanced generalization. Experiments
show DWSRec’s superiority on three benchmark datasets.
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