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Abstract

Maximizing the user-item engagement based on vectorized em-

beddings is a standard procedure of recent recommender models.

Despite the superior performance for item recommendations, these

methods however implicitly deprioritize the modeling of user-wise
similarity in the embedding space; consequently, identifying similar

users is underperforming, and additional processing schemes are

usually required otherwise. To avoid thorough model re-training,

we propose WSFE, a model-agnostic and training-free represen-

tation encoder, to be flexibly employed on the fly for effective

user segmentation. Underpinned by the optimal transport theory,

the encoded representations from WSFE present a matched user-

wise similarity/distance measurement between the realistic and

embedding space. We incorporate WSFE into six state-of-the-art

recommender models and conduct extensive experiments on six

real-world datasets. The empirical analyses well demonstrate the

superiority and generality of WSFE to fuel multiple downstream

tasks with diverse underlying targets in recommendation.
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1 Introduction

Collaborative filtering (CF), as one effective strategy to perform

personalized modeling and prediction, has been widely deployed for

recommendation. One prevalent learning paradigm of CF models [4,

13, 25, 45, 47, 50] is to parameterize users and items as vectorized

embeddings and learn to reconstruct users’ historical interactions.

As such, the learned embeddings are convenient to interpret target

users’ diverse preferences and predict their future behaviors.
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Figure 1: Illustration of WSFE in encoding the similarity of

empirical feature distribution (left) with the corresponding

embedding distance (right).

In addition to reflecting preferences on items, another desirable

property of learned user embeddings is to explicitly capture the

user-wise similarity; this provides an intuitive recognition of simi-

lar user interests and affinities, which lays the foundation and is

particularly beneficial for user-centric analyses and applications

such as group recommendation and advertising [37, 39]. However,

this property is usually deprioritized and neglected by recent mod-

els [13, 22, 29, 44, 46, 48]. To address the unsatisfactory performance

in similar user identification, thorough model re-training may thus

be required. To tackle this issue, we are motivated to encode high-

quality embeddings in collaborative filtering, such that they can

efficiently and seamlessly serve the task of user segmentation.

In this work, we proposeWasserstein Sub-graph Feature Encoder

(WSFE), to explicitly model the user behaviors in the form of user-

item interaction graph, and measure the user-wise similarity by

exploiting their high-order sub-graph patterns. We notice that users

with similar interaction behaviors naturally share overlapping sub-

graph patterns. Based on this observation, one straightforward

solution would be to exhaustively calculate similarities for all the

nodes in underlying sub-graphs; this however may be intractable

in practice mainly because of the exponential node scale in graph

exploration. On the contrary, our proposed WSFE captures user

similarity by directly encoding their sub-graph latent features, en-

abling it model-agnostic and flexible for a variety of graph-based

recommender models. Specifically, as shown in Figure 1, we assume

the user preference follows an unknown high-dimensional proba-

bility distribution; this unique preference distribution is empirically
observed and represented by the latent features that are well-learned
in the item recommendation task. Then WSFE explicitly captures the

distribution distances with Wasserstein metrics from the optimal

transport theory [19, 32, 35, 42]. Consequently, the encoded user

representations can effectively reflect their realistic item-interaction

similarity, producing a matched Euclidean distance measurement

for ease of user segmentation in the embedding space.

To summarize, our contributions are highlighted as follows:
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• To the best of our knowledge, we are the first to focus on im-

proving the embedding quality for effective user segmentation

in collaborative filtering, while not jeopardizing the model eval-

uation for item recommendation.

• We propose WSFE for effective representation encoding via cap-

turing the feature similarity of high-order user-item interaction

graph patterns. WSFE is adaptive for any graph-based models

and training-free; thus it can be invoked on the fly as long as the

backbone models are well-trained.

• We conduct extensive experiments by fusing WSFE into six state-

of-the-art models on six real-world datasets. Not only do we

present its performance superiority in empirical evaluation, but

we also provide technical discussion for future investigation.

2 WSFE Methodology

2.1 Preliminaries

Graph-based Collaborative Filtering. In view of user-item in-

teraction graphs, the general idea of graph-based approaches is to

capture CF signals in high-hop neighbors. In this work, we study

the Graph Convolutional Networks (GCNs) to learn node representa-

tions by smoothing the latent features via topology [3, 18, 40, 41].

It iteratively propagates neighborhood information to the target

node, e.g., user 𝑢, which can be abstracted:

𝒗 (𝑙)
𝑛𝑔ℎ→𝑢

= 𝑃𝑟𝑜𝑝

(
{𝒗 (𝑙−1)

𝑖
: 𝑖 ∈ N (𝑢)}

)
, (1)

where 𝒗 (𝑙 )
𝑛𝑔ℎ→𝑢

is the representation after 𝑙 layers of propagation

from interacted items in 𝑢’s neighboring set N(𝑢) . With the prop-

agated information, node embeddings are iteratively updated by

aggregating features of the center and neighbor nodes [11, 12, 53].

Optimal Transport and Wasserstein Metrics. Optimal trans-

port is the general problem of moving one distribution of mass,

e.g., 𝑃 , to another, e.g., 𝑄 , as efficiently as possible. The derived

minimum 𝐿2 cost can be referred as their distribution distance:

𝑊2 (𝑃,𝑄) =
(
inf 𝑓 ∈F(𝑃,𝑄)

∫
∥𝒙 − 𝑓 (𝒙)∥2𝑑𝑃 (𝒙)

) 1

2

, (2)

where the infimum is over all transport plans in F between 𝑃 and𝑄 .

For one-dimensional distributions, there is a closed-form solution

to compute such optimal transport map 𝑓 ∗ as 𝑓 ∗ (𝑥) := 𝐹−1
𝑃

(
𝐹𝑄 (𝑥)

)
;

𝐹 is the cumulative distribution function (CDF) associated with 𝑃 .

For the high-dimensional case, the metric of sliced-Wasserstein
distance [2, 8, 35] is formally defined as follows:

𝑆𝑊2 (𝑃,𝑄) =
( ∫
S𝑑−1

𝑊 2

2

(
𝑃𝜽 ,𝑄𝜽 )𝑑𝜽 ) 1

2

, (3)

where 𝑃𝜽
is projected by function 𝑔𝜽 : R𝑑 → R as 𝑃𝜽

:= 𝑔𝜽 (𝑃 ) and
𝑔𝜽 (𝑥) = 𝜽T𝑥 . 𝜽 is a unit vector inR𝑑 and S𝑑−1 is the unit𝑑-dimensional

hypersphere. Due to holding positive-definiteness, symmetry, and
triangle inequality [20, 21, 32, 36, 55], we employ it as the distance

measurement for high-dimensional subgraph feature distributions.

2.2 Sub-graph Feature Encoding

2.2.1 Formulating Sub-graphFeatureDistributions. As illus-
trated in Figure 2(A), if two users are considered to be similar in

terms of historical preferences, they should share similar behaviors

with overlapping interaction graph patterns. Based on this intu-

ition, consider that each user’s preference follows an unknown,
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<latexit sha1_base64="RFQfeJtL/ERnd0i6PmOCqj2+v2Y=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRjDxRHYJRo8kXvSGiQsksCHd0oWGtrtpuyZkw2/w4kFjvPqDvPlvLLAHBV8yyct7M5mZFyacaeO6305hY3Nre6e4W9rbPzg8Kh+ftHWcKkJ9EvNYdUOsKWeS+oYZTruJoliEnHbCye3c7zxRpVksH800oYHAI8kiRrCxkl9lg0Z1UK64NXcBtE68nFQgR2tQ/uoPY5IKKg3hWOue5yYmyLAyjHA6K/VTTRNMJnhEe5ZKLKgOssWxM3RhlSGKYmVLGrRQf09kWGg9FaHtFNiM9ao3F//zeqmJboKMySQ1VJLloijlyMRo/jkaMkWJ4VNLMFHM3orIGCtMjM2nZEPwVl9eJ+16zWvUrh7qleZ9HkcRzuAcLsGDa2jCHbTABwIMnuEV3hzpvDjvzseyteDkM6fwB87nD7Xzjf0=</latexit>

u1

<latexit sha1_base64="4NmYssdr2Dmjgm9KGJc66/GOIh8=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURY8FL3qrYGqhDWWznbRLN5uwuxFK6W/w4kERr/4gb/4bt20O2vpg4PHeDDPzwlRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlk4yxdBniUhUO6QaBZfoG24EtlOFNA4FPoajm5n/+IRK80Q+mHGKQUwHkkecUWMlv5r1vGqvXHFr7hxklXg5qUCOZq/81e0nLItRGiao1h3PTU0wocpwJnBa6mYaU8pGdIAdSyWNUQeT+bFTcmaVPokSZUsaMld/T0xorPU4Dm1nTM1QL3sz8T+vk5noOphwmWYGJVssijJBTEJmn5M+V8iMGFtCmeL2VsKGVFFmbD4lG4K3/PIqadVr3kXt8r5eadzlcRThBE7hHDy4ggbcQhN8YMDhGV7hzZHOi/PufCxaC04+cwx/4Hz+AMO4jgY=</latexit>

u3

<latexit sha1_base64="eq2kMVlPeNUIil6YSNkvS1bsRIs=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRjDxRHZRo0cSL3rDxAUS2JBu6UJD2920XROy4Td48aAxXv1B3vw3FtiDgi+Z5OW9mczMCxPOtHHdb6ewtr6xuVXcLu3s7u0flA+PWjpOFaE+iXmsOiHWlDNJfcMMp51EUSxCTtvh+Hbmt5+o0iyWj2aS0EDgoWQRI9hYya+m/Ytqv1xxa+4caJV4OalAjma//NUbxCQVVBrCsdZdz01MkGFlGOF0WuqlmiaYjPGQdi2VWFAdZPNjp+jMKgMUxcqWNGiu/p7IsNB6IkLbKbAZ6WVvJv7ndVMT3QQZk0lqqCSLRVHKkYnR7HM0YIoSwyeWYKKYvRWREVaYGJtPyYbgLb+8Slr1mndZu3qoVxr3eRxFOIFTOAcPrqEBd9AEHwgweIZXeHOk8+K8Ox+L1oKTzxzDHzifP8bCjgg=</latexit>

u5

<latexit sha1_base64="n8Ty7iBsQILdFMoMss7p/uQczyk=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRjDxRHaJRI8kXvSGiQsksCHd0oWGtrtpuyZkw2/w4kFjvPqDvPlvLLAHBV8yyct7M5mZFyacaeO6305hY3Nre6e4W9rbPzg8Kh+ftHWcKkJ9EvNYdUOsKWeS+oYZTruJoliEnHbCye3c7zxRpVksH800oYHAI8kiRrCxkl9NB43qoFxxa+4CaJ14OalAjtag/NUfxiQVVBrCsdY9z01MkGFlGOF0VuqnmiaYTPCI9iyVWFAdZItjZ+jCKkMUxcqWNGih/p7IsNB6KkLbKbAZ61VvLv7n9VIT3QQZk0lqqCTLRVHKkYnR/HM0ZIoSw6eWYKKYvRWRMVaYGJtPyYbgrb68Ttr1mndVazzUK837PI4inME5XIIH19CEO2iBDwQYPMMrvDnSeXHenY9la8HJZ07hD5zPH8nMjgo=</latexit>

u4

<latexit sha1_base64="WMewu0iza6s/F76ATEvvv5ELZbg=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRjDxRHYJRo8kXvSGiQsksCHd0oWGtrtpuyZkw2/w4kFjvPqDvPlvLLAHBV8yyct7M5mZFyacaeO6305hY3Nre6e4W9rbPzg8Kh+ftHWcKkJ9EvNYdUOsKWeS+oYZTruJoliEnHbCye3c7zxRpVksH800oYHAI8kiRrCxkl9NB43qoFxxa+4CaJ14OalAjtag/NUfxiQVVBrCsdY9z01MkGFlGOF0VuqnmiaYTPCI9iyVWFAdZItjZ+jCKkMUxcqWNGih/p7IsNB6KkLbKbAZ61VvLv7n9VIT3QQZk0lqqCTLRVHKkYnR/HM0ZIoSw6eWYKKYvRWRMVaYGJtPyYbgrb68Ttr1mteoXT3UK837PI4inME5XIIH19CEO2iBDwQYPMMrvDnSeXHenY9la8HJZ07hD5zPH8hHjgk=</latexit>

u2

<latexit sha1_base64="h4ggRPREOCY8X0hqsVvYADMseyM=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURY8FL3qrYGqhLWWznbRLN5uwuxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxdBnsYhVO6AaBZfoG24EthOFNAoEPgbjm5n/+IRK81g+mEmCvYgOJQ85o8ZKfjXt16v9csWtuXOQVeLlpAI5mv3yV3cQszRCaZigWnc8NzG9jCrDmcBpqZtqTCgb0yF2LJU0Qt3L5sdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eJzXhdS/jMkkNSrZYFKaCmJjMPicDrpAZMbGEMsXtrYSNqKLM2HxKNgRv+eVV0qrXvIva5X290rjL4yjCCZzCOXhwBQ24hSb4wIDDM7zCmyOdF+fd+Vi0Fpx85hj+wPn8AcU9jgc=</latexit>

u1

<latexit sha1_base64="4NmYssdr2Dmjgm9KGJc66/GOIh8=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LLaCp5IURY8FL3qrYGqhDWWznbRLN5uwuxFK6W/w4kERr/4gb/4bt20O2vpg4PHeDDPzwlRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlk4yxdBniUhUO6QaBZfoG24EtlOFNA4FPoajm5n/+IRK80Q+mHGKQUwHkkecUWMlv5r1vGqvXHFr7hxklXg5qUCOZq/81e0nLItRGiao1h3PTU0wocpwJnBa6mYaU8pGdIAdSyWNUQeT+bFTcmaVPokSZUsaMld/T0xorPU4Dm1nTM1QL3sz8T+vk5noOphwmWYGJVssijJBTEJmn5M+V8iMGFtCmeL2VsKGVFFmbD4lG4K3/PIqadVr3kXt8r5eadzlcRThBE7hHDy4ggbcQhN8YMDhGV7hzZHOi/PufCxaC04+cwx/4Hz+AMO4jgY=</latexit>

u5

<latexit sha1_base64="n8Ty7iBsQILdFMoMss7p/uQczyk=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRjDxRHaJRI8kXvSGiQsksCHd0oWGtrtpuyZkw2/w4kFjvPqDvPlvLLAHBV8yyct7M5mZFyacaeO6305hY3Nre6e4W9rbPzg8Kh+ftHWcKkJ9EvNYdUOsKWeS+oYZTruJoliEnHbCye3c7zxRpVksH800oYHAI8kiRrCxkl9NB43qoFxxa+4CaJ14OalAjtag/NUfxiQVVBrCsdY9z01MkGFlGOF0VuqnmiaYTPCI9iyVWFAdZItjZ+jCKkMUxcqWNGih/p7IsNB6KkLbKbAZ61VvLv7n9VIT3QQZk0lqqCTLRVHKkYnR/HM0ZIoSw6eWYKKYvRWRMVaYGJtPyYbgrb68Ttr1mndVazzUK837PI4inME5XIIH19CEO2iBDwQYPMMrvDnSeXHenY9la8HJZ07hD5zPH8nMjgo=</latexit>

Unfold

Overlapping sub-graph patternsUser-item interactions

…

…

Reference 

Input embedding

X ✓
o [0]

<latexit sha1_base64="h055816pWSD9JVpQ1qho5TP2QRQ=">AAACD3icbVC7TsMwFHV4lvIqMLJEtCCmKqlAdKzEwlgk+pCSEDmO21p14si+Qaqi/AELv8LCAEKsrGz8DU7bAVquZPnonHt1zz1BwpkCy/o2VlbX1jc2S1vl7Z3dvf3KwWFXiVQS2iGCC9kPsKKcxbQDDDjtJ5LiKOC0F4yvC733QKViIr6DSUK9CA9jNmAEg6b8ylnNjTCMCOZZP7/P3EDwUE0i/bkwooBzXziWV/MrVatuTctcBvYcVNG82n7lyw0FSSMaA+FYKce2EvAyLIERTvOymyqaYDLGQ+poGOOIKi+b3pObp5oJzYGQ+sVgTtnfExmOVGFSdxbm1aJWkP9pTgqDppexOEmBxmS2aJByE4RZhGOGTFICfKIBJpJpryYZYYkJ6AjLOgR78eRl0G3U7Yv65W2j2mrO4yihY3SCzpGNrlAL3aA26iCCHtEzekVvxpPxYrwbH7PWFWM+c4T+lPH5A6alnQI=</latexit>

X ✓
o [1]

<latexit sha1_base64="BWI4odmjuVDA69vh+P3Ev45d9Tw=">AAACD3icbVC7TsMwFHV4lvIKMLJYtCCmKqlAdKzEwlgk+pCaUDmu21p14si+Qaqi/gELv8LCAEKsrGz8DU6bAVquZPnonHt1zz1BLLgGx/m2VlbX1jc2C1vF7Z3dvX374LClZaIoa1IppOoERDPBI9YEDoJ1YsVIGAjWDsbXmd5+YEpzGd3BJGZ+SIYRH3BKwFA9+6zshQRGlIi0M71PvUCKvp6E5vNgxIBMe7Lr+uWeXXIqzqzwMnBzUEJ5NXr2l9eXNAlZBFQQrbuuE4OfEgWcCjYteolmMaFjMmRdAyMSMu2ns3um+NQwfTyQyrwI8Iz9PZGSUGcmTWdmXi9qGfmf1k1gUPNTHsUJsIjOFw0SgUHiLBzc54pREBMDCFXceMV0RBShYCIsmhDcxZOXQatacS8ql7fVUr2Wx1FAx+gEnSMXXaE6ukEN1EQUPaJn9IrerCfrxXq3PuatK1Y+c4T+lPX5A6grnQM=</latexit>

X ✓
o [2]

<latexit sha1_base64="O8vdHHqD0x52dmD7o3d+2mMApII=">AAACD3icbVC7TsMwFHV4lvIKMLJEtCCmKqlAdKzEwlgk+pCSUDmO21p14si+Qaqi/gELv8LCAEKsrGz8DU6bAVquZPnonHt1zz1BwpkC2/42VlbX1jc2S1vl7Z3dvX3z4LCjRCoJbRPBhewFWFHOYtoGBpz2EklxFHDaDcbXud59oFIxEd/BJKF+hIcxGzCCQVN986zqRRhGBPOsN73PvEDwUE0i/XkwooCnfeHW/WrfrNg1e1bWMnAKUEFFtfrmlxcKkkY0BsKxUq5jJ+BnWAIjnE7LXqpogskYD6mrYYwjqvxsds/UOtVMaA2E1C8Ga8b+nshwpHKTujM3rxa1nPxPc1MYNPyMxUkKNCbzRYOUWyCsPBwrZJIS4BMNMJFMe7XICEtMQEdY1iE4iycvg0695lzULm/rlWajiKOEjtEJOkcOukJNdINaqI0IekTP6BW9GU/Gi/FufMxbV4xi5gj9KePzB6mxnQQ=</latexit>

X ✓
o [SL]

<latexit sha1_base64="ZdmlfBn9Knzg4YOZXs2wTuN3mvc=">AAACEHicbVC7TsMwFHV4lvIKMLJEtAimKqlAdKzEwsBQBH1ITYgc122tOnFk3yBVUT+BhV9hYQAhVkY2/ganzQAtV7J8dM69uueeIOZMgW1/G0vLK6tr64WN4ubW9s6uubffUiKRhDaJ4EJ2AqwoZxFtAgNOO7GkOAw4bQejy0xvP1CpmIjuYBxTL8SDiPUZwaAp3zwpuyGGIcE87UzuUzcQvKfGof5cGFLAE190b6+9sm+W7Io9LWsRODkoobwavvnl9gRJQhoB4ViprmPH4KVYAiOcTopuomiMyQgPaFfDCIdUeen0oIl1rJme1RdSvwisKft7IsWhylzqzsy9mtcy8j+tm0C/5qUsihOgEZkt6ifcAmFl6Vg9JikBPtYAE8m0V4sMscQEdIZFHYIzf/IiaFUrzlnl/KZaqtfyOAroEB2hU+SgC1RHV6iBmoigR/SMXtGb8WS8GO/Gx6x1ychnDtCfMj5/AIOcnXs=</latexit>

X ✓
u [SL]

<latexit sha1_base64="6yVy4C5zvvaeKuvX1I7Kao1timI=">AAACEHicbVC7TsNAEDzzDOFloKSxSBBUkR2BSBmJhoIiCPKQYmOdz+fklPNDd2ukyMon0PArNBQgREtJx99wTlxAwkqnG83samfHSziTYJrf2tLyyuraemmjvLm1vbOr7+13ZJwKQtsk5rHoeVhSziLaBgac9hJBcehx2vVGl7nefaBCsji6g3FCnRAPIhYwgkFRrn5StUMMQ4J51pvcZ7YXc1+OQ/XZMKSAJ27av712qq5eMWvmtIxFYBWggopqufqX7cckDWkEhGMp+5aZgJNhAYxwOinbqaQJJiM8oH0FIxxS6WTTgybGsWJ8I4iFehEYU/b3RIZDmbtUnbl7Oa/l5H9aP4Wg4WQsSlKgEZktClJuQGzk6Rg+E5QAHyuAiWDKq0GGWGACKsOyCsGaP3kRdOo166x2flOvNBtFHCV0iI7QKbLQBWqiK9RCbUTQI3pGr+hNe9JetHftY9a6pBUzB+hPaZ8/jNKdgQ==</latexit>

X ✓
u [2]

<latexit sha1_base64="w8tao5kgi6WZGR762E+ZZgtCn2g=">AAACD3icbVDLSsNAFJ34rPUVdekm2CquSlIUuyy4cVnBPiCJYTKZtkMnD2ZuhBLyB278FTcuFHHr1p1/46TNQlsvDHM4517uucdPOJNgmt/ayura+sZmZau6vbO7t68fHPZknApCuyTmsRj4WFLOItoFBpwOEkFx6HPa9yfXhd5/oEKyOLqDaULdEI8iNmQEg6I8/azuhBjGBPNskN9njh/zQE5D9TkwpoBzL7Wbbt3Ta2bDnJWxDKwS1FBZHU//coKYpCGNgHAspW2ZCbgZFsAIp3nVSSVNMJngEbUVjHBIpZvN7smNU8UExjAW6kVgzNjfExkOZWFSdRbm5aJWkP9pdgrDlpuxKEmBRmS+aJhyA2KjCMcImKAE+FQBTARTXg0yxgITUBFWVQjW4snLoNdsWBeNy9tmrd0q46igY3SCzpGFrlAb3aAO6iKCHtEzekVv2pP2or1rH/PWFa2cOUJ/Svv8AbLhnQo=</latexit>

X ✓
u [1]

<latexit sha1_base64="DNk0e0+hcZa00ChW97XalJ8PG28=">AAACD3icbVDLSsNAFJ34rPUVdekm2CquSlIUuyy4cVnBPiCJYTKZtkMnD2ZuhBLyB278FTcuFHHr1p1/46TNQlsvDHM4517uucdPOJNgmt/ayura+sZmZau6vbO7t68fHPZknApCuyTmsRj4WFLOItoFBpwOEkFx6HPa9yfXhd5/oEKyOLqDaULdEI8iNmQEg6I8/azuhBjGBPNskN9njh/zQE5D9TkwpoBzL7Utt+7pNbNhzspYBlYJaqisjqd/OUFM0pBGQDiW0rbMBNwMC2CE07zqpJImmEzwiNoKRjik0s1m9+TGqWICYxgL9SIwZuzviQyHsjCpOgvzclEryP80O4Vhy81YlKRAIzJfNEy5AbFRhGMETFACfKoAJoIprwYZY4EJqAirKgRr8eRl0Gs2rIvG5W2z1m6VcVTQMTpB58hCV6iNblAHdRFBj+gZvaI37Ul70d61j3nrilbOHKE/pX3+ALFbnQk=</latexit>

X ✓
u [0]

<latexit sha1_base64="uXZYv9OkqvZgZn+pQ5mrcNsp9hc=">AAACD3icbVDLSsNAFJ34rPUVdekm2CquSlIUuyy4cVnBPiCJYTKZtkMnD2ZuhBLyB278FTcuFHHr1p1/46TNQlsvDHM4517uucdPOJNgmt/ayura+sZmZau6vbO7t68fHPZknApCuyTmsRj4WFLOItoFBpwOEkFx6HPa9yfXhd5/oEKyOLqDaULdEI8iNmQEg6I8/azuhBjGBPNskN9njh/zQE5D9TkwpoBzL7VNt+7pNbNhzspYBlYJaqisjqd/OUFM0pBGQDiW0rbMBNwMC2CE07zqpJImmEzwiNoKRjik0s1m9+TGqWICYxgL9SIwZuzviQyHsjCpOgvzclEryP80O4Vhy81YlKRAIzJfNEy5AbFRhGMETFACfKoAJoIprwYZY4EJqAirKgRr8eRl0Gs2rIvG5W2z1m6VcVTQMTpB58hCV6iNblAHdRFBj+gZvaI37Ul70d61j3nrilbOHKE/pX3+AK/VnQg=</latexit>
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Figure 2: (A) Illustration of the similar sub-graph patterns.

(B) Mapping processing between the input and reference.

independent, and 𝑑-dimensional probability measure, e.g., 𝑃𝑢 . We

assume that the interaction pattern of 𝑢 observed so far is sampled

from the underlying distribution 𝑃𝑢 . Thus the empirical (discrete)
distribution 𝑃𝑢 with its empirical CDF can be formulated as:

𝐹
𝑃𝑢

(𝒙) = 1

𝐿 + 1

∑︁𝐿

𝑙=0
𝛿 (𝒙 − 𝒗 (𝑙)

𝑛𝑔ℎ→𝑢
) . (4)

Notice that we initialize 𝒗 (0)
𝑛𝑔ℎ→𝑢

:= 𝒗 (0)
𝑢 . Here 𝛿 ( ·) returns 1 if the

input is zero and 0 otherwise (discretizing from continuous case∫
𝛿 (𝑥)𝑑𝑥 = 1). Without loss of generality, these empirical distribu-

tions are representative, i.e., 𝑃𝑢 ≈ 𝑃𝑢 ; thus we would refer 𝑃𝑢 to 𝑃𝑢

hereafter to avoid notation abuse.

2.2.2 Implementing 𝑓 ∗. We first set a 𝑑-dimensional reference
distribution 𝑃𝑜 that functions as the “origin” in the embedding space

to measure the distance toward any inputs. 𝑃𝑜 is associated with

random feature embeddings, e.g., 𝒗 (𝑙 )
𝑜 , as: 𝐹𝑃𝑜 (𝒙) = 1

𝐿+1
∑𝐿

𝑛=0𝛿 (𝒙 −
𝒗 (𝑙 )
𝑜 ) . To implement the optimal transport map 𝑓 ∗ for such discrete

and 𝑑-dimensional case, we have the following procedure.

We first conduct distribution slicing to 𝑃𝑜 and 𝑃𝑢 by projection

function 𝑔𝜽 . For each pair of distribution slices 𝑃𝜽
𝑢 and 𝑃𝜽

𝑜 , let X𝜽
𝑢 col-

lect their projected sub-graph features as X𝜽
𝑢 = {𝜽T𝒗 (𝑙 )

𝑛𝑔ℎ→𝑢
}𝐿
𝑙=0

(so

does for X𝜽
𝑜 = {𝜽T𝒗 (𝑙 )

𝑜 }𝐿
𝑙=0

). Then the corresponding optimal trans-

port map 𝑓 ∗ (𝑥) := 𝐹−1
𝑃𝜽
𝑢

(
𝐹
𝑃𝜽
𝑜
(𝑥)

)
can be quantitatively intepreted:

𝑓 ∗ (𝑥 |X𝜽
𝑢 ) = argmin

𝑥 ′∈X𝜽
𝑢

(
𝐹
𝑃𝜽
𝑢
(𝑥 ′) = 𝑟

)
, where 𝑟 = 𝐹

𝑃𝜽
𝑜
(𝑥) . (5)

Furthermore, let 𝜏 (𝑥′ |X𝜽
𝑢 ) denote the ranking of each input 𝑥′ in

the ascending sorting of X𝜽
𝑢 . We can replace the term 𝐹

𝑃𝜽
𝑢
and have:

𝑓 ∗ (𝑥 |X𝜽
𝑢 ) = argmin

𝑥 ′∈X𝜽
𝑢

(
𝜏 (𝑥 ′ |X𝜽

𝑢 ) = 𝜏 (𝑥 |X𝜽
𝑜 )

)
. (6)

As shown in Figure 2(B), Eqn.(6) essentially permutes different

layers of sub-graph embeddings of X𝜽
𝑢 in encoding, such that the

distance to the reference of X𝜽
𝑜 can be subsequently captured and

embedded. Please notice that the distance is in the 𝐿2-norm form as

shown in Eqn.(2), a.k.a. the Euclidean distance, which is favorable to
scenarios for recalling vectorized objects that requires a reasonable

distance measurement in the embedding space.

2.2.3 Implementing WSFE. For each pair of distribution slices,

based on the algorithmic implementation of Eqn.(6), we proceed to

encode their representations as follows:

𝑬𝜽𝑢 :=
1

𝐿 + 1




𝐿
𝑙=0

𝑓 ∗
(
𝜽T𝒗 (𝑙)𝑜 |X𝜽

𝑢

)
− 𝑬𝜽𝑜 and 𝑬𝜽𝑜 :=

1

𝐿 + 1




𝐿
𝑙=0

𝜽T𝒗 (𝑙)𝑜 ,

(7)

where | | denotes the concatenation operation. According to the

theory in Eqn.(3), the next step is to draw infinite projections for

distance integral, which, however, may be computationally expen-

sive and infeasible in practice. In this work, we implement it with

Monte-Carlo approximation with 𝑆 times of uniform sampling from

S𝑑−1. Consequently, this leads to a cumulative sliced-Wasserstein



distance (i.e., approximating Eqn.(3)) between reference 𝑃𝑜 and the

original input feature distribution 𝑃𝑢 as:

𝑆𝑊2 (𝑃𝑜 , 𝑃𝑢 ) ≈
(
1

𝑆

∑︁𝑆

𝑠=1
𝑊 2

2

(
𝑃
𝜃𝑠
𝑜 , 𝑃

𝜃𝑠
𝑢

) ) 1

2

. (8)

Regularized by the distance cumulation in Eqn.(8), ourWasser-
stein Sub-graph Feature Encoder (WSFE) is finally defined:

𝑬𝑢 :=
1

𝑆




𝑆
𝑠=1

𝑬𝜽𝑠
𝑢 and 𝑬𝑜 :=

1

𝑆




𝑆
𝑠=1

𝑬𝜽𝑠
𝑜 , (9)

where 𝑬𝑢 , 𝑬𝑜 ∈ R𝑆 (𝐿+1)
. Notice that in practice, the number of graph

convolutions 𝐿 ≤ 4 [11, 13, 18] is a common setting mainly to avoid

the over-smoothing problem [23]. Moreover, our empirical observa-

tions in § 3.2.2 reveal that setting 𝑆 = 64 already achieves satisfactory

model performances with an acceptable computational cost.

2.3 Theoretical Analysis

One major expectation of encoded representations is that they can

reflect the similarity/distance of their sub-graph feature distribu-

tions. We illustrate this in Figure 3 with the theorem as follows:

Theorem 1. For any input sub-graph features of users 𝑢𝑖 and 𝑢 𝑗
with distributions 𝑃𝑢𝑖 and 𝑃𝑢 𝑗

, their encoded representations hold:

Puj

<latexit sha1_base64="xpa/PmA0Q6rkIZVZ7ThNiEnO5W4=">AAAB8HicbVBNTwIxEJ3FL8Qv1KOXRjDhRHaJRo8kXjxiIqCBzaZbulBpu5u2a0I2/AovHjTGqz/Hm//GAntQ8CWTvLw3k5l5YcKZNq777RTW1jc2t4rbpZ3dvf2D8uFRR8epIrRNYh6r+xBrypmkbcMMp/eJoliEnHbD8fXM7z5RpVks78wkob7AQ8kiRrCx0kO1FWRp8DitBuWKW3fnQKvEy0kFcrSC8ld/EJNUUGkIx1r3PDcxfoaVYYTTaamfappgMsZD2rNUYkG1n80PnqIzqwxQFCtb0qC5+nsiw0LriQhtp8BmpJe9mfif10tNdOVnTCapoZIsFkUpRyZGs+/RgClKDJ9Ygoli9lZERlhhYmxGJRuCt/zyKuk06t55/eK2UWnW8jiKcAKnUAMPLqEJN9CCNhAQ8Ayv8OYo58V5dz4WrQUnnzmGP3A+fwAumI/t</latexit>

Pui

<latexit sha1_base64="DY5JEU/SWKgAQOYuzeOa5p8tXt0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CbZCT2W3KHosePFYwX5IuyzZNNuGJtklyQpl6a/w4kERr/4cb/4b03YP2vpg4PHeDDPzwoQzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo5TRWibxDxWvRBrypmkbcMMp71EUSxCTrvh5Hbud5+o0iyWD2aaUF/gkWQRI9hY6bHaCrI0YLNqUK64dXcBtE68nFQgRysofw2GMUkFlYZwrHXfcxPjZ1gZRjidlQappgkmEzyifUslFlT72eLgGbqwyhBFsbIlDVqovycyLLSeitB2CmzGetWbi/95/dREN37GZJIaKslyUZRyZGI0/x4NmaLE8KklmChmb0VkjBUmxmZUsiF4qy+vk06j7l3Wr+4blWYtj6MIZ3AONfDgGppwBy1oAwEBz/AKb45yXpx352PZWnDymVP4A+fzBy0Sj+w=</latexit>

Po

<latexit sha1_base64="9wTmKnN9elKfvCSWxYcXOhOycMo=">AAAB7nicbVDLSgNBEOz1GeMr6tHLYCLkFHaDoseAF48RzAOSJcxOZpMh81hmZoWw5CO8eFDEq9/jzb9xkuxBEwsaiqpuuruihDNjff/b29jc2t7ZLewV9w8Oj45LJ6dto1JNaIsornQ3woZyJmnLMstpN9EUi4jTTjS5m/udJ6oNU/LRThMaCjySLGYEWyd1Ks1BpmaVQans1/wF0DoJclKGHM1B6as/VCQVVFrCsTG9wE9smGFtGeF0VuynhiaYTPCI9hyVWFATZotzZ+jSKUMUK+1KWrRQf09kWBgzFZHrFNiOzao3F//zeqmNb8OMySS1VJLlojjlyCo0/x0NmabE8qkjmGjmbkVkjDUm1iVUdCEEqy+vk3a9FlzVrh/q5UY1j6MA53ABVQjgBhpwD01oAYEJPMMrvHmJ9+K9ex/L1g0vnzmDP/A+fwClWY8K</latexit>

SW2(Pui , Puj )

<latexit sha1_base64="Sx/k1w5hY9Fw6eUBMEZZWEQCjW4=">AAACAHicbVBNS8NAEJ3Ur1q/oh48eAm2QgUpSVH0WPDisaJthTaEzXbTrt1swu5GKCEX/4oXD4p49Wd489+4TXvQ1gfDPN6bYXeeHzMqlW1/G4Wl5ZXVteJ6aWNza3vH3N1ryygRmLRwxCJx7yNJGOWkpahi5D4WBIU+Ix1/dDXxO49ESBrxOzWOiRuiAacBxUhpyTMPKrcdr15temni0ew07w/ZScUzy3bNzmEtEmdGyjBD0zO/ev0IJyHhCjMkZdexY+WmSCiKGclKvUSSGOERGpCuphyFRLppfkBmHWulbwWR0MWVlau/N1IUSjkOfT0ZIjWU895E/M/rJiq4dFPK40QRjqcPBQmzVGRN0rD6VBCs2FgThAXVf7XwEAmElc6spENw5k9eJO16zTmrnd/Uy43qLI4iHMIRVMGBC2jANTShBRgyeIZXeDOejBfj3fiYjhaM2c4+/IHx+QPwxZVG</latexit>

SW2(Pui , Po)

<latexit sha1_base64="h1VLKZ5omxQed7I1xJnRkZWLy4M=">AAAB/nicbVDLSgMxFM3UV62vUXHlJtgKFaTMFEWXBTcuK9oHtMOQSTNtaCYZkoxQhgF/xY0LRdz6He78G9N2Ftp64HIP59xLbk4QM6q043xbhZXVtfWN4mZpa3tnd8/eP2grkUhMWlgwIbsBUoRRTlqaaka6sSQoChjpBOObqd95JFJRwR/0JCZehIachhQjbSTfPqrcd/x6temniU+zc9NFdlbx7bJTc2aAy8TNSRnkaPr2V38gcBIRrjFDSvVcJ9ZeiqSmmJGs1E8UiREeoyHpGcpRRJSXzs7P4KlRBjAU0hTXcKb+3khRpNQkCsxkhPRILXpT8T+vl+jw2kspjxNNOJ4/FCYMagGnWcABlQRrNjEEYUnNrRCPkERYm8RKJgR38cvLpF2vuRe1y7t6uVHN4yiCY3ACqsAFV6ABbkETtAAGKXgGr+DNerJerHfrYz5asPKdQ/AH1ucPXWqUYw==</latexit>

SW2(Puj , Po)

<latexit sha1_base64="wzZ3MtSgPC0/UFEh0ZvYo1UgaLQ=">AAAB/nicbVDLSgMxFM3UV62vUXHlJtgKFaTMFEWXBTcuK9pWaIchk2ba2EwyJBmhDAP+ihsXirj1O9z5N6btLLT1wOUezrmX3JwgZlRpx/m2CkvLK6trxfXSxubW9o69u9dWIpGYtLBgQt4HSBFGOWlpqhm5jyVBUcBIJxhdTfzOI5GKCn6nxzHxIjTgNKQYaSP59kHltuPXq00/TfyH7NR0kZ1UfLvs1Jwp4CJxc1IGOZq+/dXrC5xEhGvMkFJd14m1lyKpKWYkK/USRWKER2hAuoZyFBHlpdPzM3hslD4MhTTFNZyqvzdSFCk1jgIzGSE9VPPeRPzP6yY6vPRSyuNEE45nD4UJg1rASRawTyXBmo0NQVhScyvEQyQR1iaxkgnBnf/yImnXa+5Z7fymXm5U8ziK4BAcgSpwwQVogGvQBC2AQQqewSt4s56sF+vd+piNFqx8Zx/8gfX5A173lGQ=</latexit>

Eo

<latexit sha1_base64="K9m5o+wLJgJ55T/Rnot7tNSXp/E=">AAAB+3icbVDNS8MwHE3n15xfdR69BDdhp9EORY8DETxOcB+wlZKm6RaWJiVJxVH2r3jxoIhX/xFv/jemWw+6+SDk8d7vR15ekDCqtON8W6WNza3tnfJuZW//4PDIPq72lEglJl0smJCDACnCKCddTTUjg0QSFAeM9IPpTe73H4lUVPAHPUuIF6MxpxHFSBvJt6v1USBYqGaxubLbuS/qvl1zms4CcJ24BamBAh3f/hqFAqcx4RozpNTQdRLtZUhqihmZV0apIgnCUzQmQ0M5ionyskX2OTw3SggjIc3hGi7U3xsZilWezkzGSE/UqpeL/3nDVEfXXkZ5kmrC8fKhKGVQC5gXAUMqCdZsZgjCkpqsEE+QRFibuiqmBHf1y+uk12q6F83L+1at3SjqKINTcAYawAVXoA3uQAd0AQZP4Bm8gjdrbr1Y79bHcrRkFTsn4A+szx/GgJQx</latexit>

Eui

<latexit sha1_base64="iErqqJIlGdyxuyuUHlWF0JEy238=">AAAB/3icbVDNS8MwHE39nPOrKnjxEtyEnUY7FD0ORPA4wX3AVkqapltYmpQkFUbtwX/FiwdFvPpvePO/Mdt60M0HIY/3fj/y8oKEUaUd59taWV1b39gsbZW3d3b39u2Dw44SqcSkjQUTshcgRRjlpK2pZqSXSILigJFuML6e+t0HIhUV/F5PEuLFaMhpRDHSRvLt4+ogECxUk9hc2U3uZ6lP86pvV5y6MwNcJm5BKqBAy7e/BqHAaUy4xgwp1XedRHsZkppiRvLyIFUkQXiMhqRvKEcxUV42y5/DM6OEMBLSHK7hTP29kaFYTROayRjpkVr0puJ/Xj/V0ZWXUZ6kmnA8fyhKGdQCTsuAIZUEazYxBGFJTVaIR0girE1lZVOCu/jlZdJp1N3z+sVdo9KsFXWUwAk4BTXggkvQBLegBdoAg0fwDF7Bm/VkvVjv1sd8dMUqdo7AH1ifPyr4lh8=</latexit>

Euj

<latexit sha1_base64="e2wg8wLV+Kc+vy56n7MWWp9i+fE=">AAAB/3icbVDNS8MwHE3n15xfVcGLl+Im7DTaoehxIILHCe4DtlLSNN3i0qQkqTBqD/4rXjwo4tV/w5v/jenWg24+CHm89/uRl+fHlEhl299GaWV1bX2jvFnZ2t7Z3TP3D7qSJwLhDuKUi74PJaaE4Y4iiuJ+LDCMfIp7/uQq93sPWEjC2Z2axtiN4IiRkCCotOSZR7Whz2kgp5G+0uvMSxPvPqt5ZtVu2DNYy8QpSBUUaHvm1zDgKIkwU4hCKQeOHSs3hUIRRHFWGSYSxxBN4AgPNGUwwtJNZ/kz61QrgRVyoQ9T1kz9vZHCSOYJ9WQE1Vguern4nzdIVHjppoTFicIMzR8KE2opbuVlWAERGCk61QQiQXRWC42hgEjpyiq6BGfxy8uk22w4Z43z22a1VS/qKINjcALqwAEXoAVuQBt0AAKP4Bm8gjfjyXgx3o2P+WjJKHYOwR8Ynz8sfpYg</latexit>

RSL

<latexit sha1_base64="ZrqjugOiBZVM3kAfgG9p1OQaxbc=">AAAB+nicbVC7TsMwFL3hWcorhZHFokViqpIKBGMlFgaG8uhDakPluE5r1XnIdkBVyKewMIAQK1/Cxt/gtBmg5UiWjs65V/f4uBFnUlnWt7G0vLK6tl7YKG5ube/smqW9lgxjQWiThDwUHRdLyllAm4opTjuRoNh3OW2744vMbz9QIVkY3KlJRB0fDwPmMYKVlvpmqdLzsRq5bnKT3ie3V2mlb5atqjUFWiR2TsqQo9E3v3qDkMQ+DRThWMqubUXKSbBQjHCaFnuxpBEmYzykXU0D7FPpJNPoKTrSygB5odAvUGiq/t5IsC/lxHf1ZJZTznuZ+J/XjZV37iQsiGJFAzI75MUcqRBlPaABE5QoPtEEE8F0VkRGWGCidFtFXYI9/+VF0qpV7ZPq6XWtXLfyOgpwAIdwDDacQR0uoQFNIPAIz/AKb8aT8WK8Gx+z0SUj39mHPzA+fwC6C5Oa</latexit>

Figure 3: Wasserstein to Eu-

clidean geodesics.

1○ ∥𝑬𝑢𝑖 ∥2 ≈ 𝑆𝑊2 (𝑃𝑢𝑖 , 𝑃0) .
2○ ∥𝑬𝑢𝑖−𝑬𝑢 𝑗

∥2 ≈𝑆𝑊2 (𝑃𝑢𝑖 , 𝑃𝑢 𝑗
) .

Proof. The proof is twofold.

For property 2○, we have:
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Let 𝐹−1
𝑃𝜽
𝑢𝑖

(𝑟 ) = 𝑥 , meaning that 𝑟 = 𝐹
𝑃𝜽
𝑢𝑖

. We have:
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= 𝑆𝑊2 (𝑃𝑢 𝑗
, 𝑃𝑢𝑖 ).

(11)

With symmetry, we have 𝑆𝑊2 (𝑃𝑢𝑖 , 𝑃𝑢 𝑗
) = 𝑆𝑊2 (𝑃𝑢 𝑗

, 𝑃𝑢𝑖 ) . Then for

the reference 𝑃𝑜 , its encoded representation is straightforward to

have 𝑬𝑜 = 0. Thus we complete the proof as follows:

∥𝑬𝑢𝑖 ∥2 = ∥𝑬𝑢𝑖 − 𝑬𝑜 ∥2 ≈ 𝑆𝑊2 (𝑃𝑢𝑖 , 𝑃𝑜 ), (12)

■
Complexity Analysis.WSFE is training-free that can be utilized

on the fly right after the backbone model is trained. Thus, the

complexity ofWSFE is𝑂
(
𝑆 (𝐿+1)𝑀𝑑 log𝑑

)
, where the cost𝑂 (𝑑 log𝑑)

is for implementing 𝜏 ( ·) . Fortunately, it is linear to the input data

size, indicating that the encoding can be done at the input scale.

Table 1: The statistics of datasets.

MovieLens Gowalla Pinterest Yelp2018 Kindle AMZ-Book

#Users 6,040 29,858 55,186 31,668 115,652 52,643

#Items 3,952 40,981 9,916 38,048 98,729 91,599

#Avg. Interactions 165.60 34.31 26.52 49.31 15.85 56.69

#All Interactions 1,000,209 1,027,370 1,463,556 1,561,406 1,833,068 2,984,108

3 Experimental Results

We evaluateWSFEwith the aim of answering the following research

questions: RQ1. How does WSFE boost the user segmentation

performance of state-of-the-art recommender models? RQ2. How

do different model settings affect WSFE performance?

3.1 Experimental Setups

Datasets.We collect six widely-evaluated public datasets (includ-

ing their original training/test data splits) from: MovieLens [5, 6,

31, 53], Gowalla [7, 10], Pinterest [9, 33], Yelp [49], Kindle [17, 52],

and Amazon-Book [1, 13]. Dataset statistics are reported in Table 1.

Evaluation Protocol. The fundamental property required by

user segmentation is user-wise similarity measurement. Thus, given
a query user, we treat this task as ranking towards candidates of

similar users, based on the encoded user representations. In this

work, we sort out similar users based on the number of overlapping

items they have interacted with; then we compared these ranking

lists with Top-K results inferred from the learningmodels. Recall@K

and NDCG@K are the evaluation metrics.

Baselines. To demonstrate the effectiveness of WSFE, we incor-

porate it into the following state-of-the-art models.

(1) LightGCN [13] is one state-of-the-art GCN-based recommender

model with a more concise and powerful structure.

(2) SGL [46] is one representative graph-based model with con-

trastive learning to tackle the data sparsity issue.

(3) SimGCL [51] is the state-of-the-art contrastive-learning-based

recommender model that conducts the simplified augmentation

directly in the feature space.

(4) NCL [24] is one of the state-of-the-art graph-based models with

contrastive neighborhood information enrichment.

(5) BUIR [22] is one state-of-the-art model that bootstraps user

and item representations for collaborative filtering.

(6) DirectAU [43] is the latest model that improves the representa-

tion quality from the perspective of alignment and uniformity.

3.2 Empirical Analyses and Discussions

3.2.1 Overall Performance (RQ1). From Table 2, we notice that

• After integrating WSFE, recent recommender models improve

their segmentation capability across all datasets. Not only does

this show our method’s effectiveness, but more importantly, this

also validates its generality and flexibility to the variety of graph-

based models as well as different datasets.

• We notice that the model improvements on MovieLens dataset

are larger than those on other datasets. One major explanation

is that users of MovieLens have more average interactions, i.e.,

165.60 as shown in Table 1, leading to more complicated user

preference distributions whereas our WSFE can well utilize such

rich information to encode the user-wise similarity.



Table 2: Experimental results before and after implementing WSFE into the underlying models (best view in color).

Dataset Model Recall@5 NDCG@5 Recall@20 NDCG@20 Recall@50 NDCG@50 Recall@100 NDCG@100

Movie

LightGCN 0.10→0.18 (+80.00%) 0.36→0.61 (+69.44%) 0.37→0.69 (+86.49%) 0.36→0.65 (+80.56%) 0.85→1.68 (+97.65%) 0.62→1.20 (+93.55%) 1.63→3.04 (+86.50%) 0.97→1.83 (+88.66%)

SGL 0.08→0.13 (+62.50%) 0.32→0.47 (+46.88%) 0.24→0.37 (+54.17%) 0.25→0.39 (+56.00%) 0.42→0.73 (+73.81%) 0.36→0.59 (+63.89%) 0.60→1.22 (+103.33%) 0.47→0.81 (+72.34%)

SimGCL 0.90→1.02 (+13.33%) 3.40→3.04 (+13.82%) 2.13→3.77 (+77.00%) 2.30→3.60 (+56.52%) 3.10→8.56 (+176.13%) 2.92→5.99 (+105.14%) 4.45→13.71 (+208.09%) 3.35→8.58 (+156.12%)

NCL 0.25→0.38 (+52.00%) 0.84→1.30 (+54.76%) 0.88→1.47 (+67.05%) 0.84→1.38 (+64.29%) 2.01→3.42 (+70.15%) 1.47→2.47 (+68.03%) 3.60→6.19 (+71.94%) 2.20→3.74 (+70.00%)

BUIR 0.22→0.24 (+9.09%) 0.74→0.82 (+10.82%) 0.83→0.96 (+15.66%) 0.79→0.92 (+16.46%) 1.81→2.19 (+20.99%) 1.34→1.60 (+19.40%) 3.21→3.95 (+23.05%) 1.98→2.40 (+21.21%)

DirectAU 0.09→0.10 (+11.11%) 0.32→0.36 (+12.50%) 0.25→0.31 (+24.00%) 0.26→0.32 (+23.08%) 0.53→0.66 (+24.53%) 0.41→0.51 (+24.39%) 0.98→1.23 (+25.51%) 0.62→0.77 (+24.19%)

Gowalla

LightGCN 4.41→4.56 (+3.40%) 6.59→6.52 (-1.06%) 8.75→9.26 (+5.83%) 6.64→6.80 (+2.41%) 13.30→14.05 (+5.64%) 8.46→8.71 (+2.96%) 17.78→18.86 (+6.07%) 9.94→10.29 (+3.52%)

SGL 4.96→5.30 (+6.85%) 7.58→7.62 (+0.53%) 9.85→10.66 (+8.22%) 7.53→7.86 (+4.38%) 15.13→16.68 (+10.24%) 9.66→10.23 (+5.90%) 20.70→22.72 (+9.76%) 11.49→12.19 (+6.09%)

SimGCL 5.25→6.94 (+32.19%) 8.55→10.32 (+20.70%) 10.14→13.99 (+37.97%) 8.11→10.52 (+29.72%) 14.73→20.23 (+37.34%) 9.99→13.02 (+30.33%) 17.88→24.15 (+35.07%) 11.12→14.34 (+28.96%)

NCL 4.65→5.01 (+7.53%) 8.31→8.71 (+4.81%) 9.41→10.20 (+8.40%) 7.81→8.34 (+6.79%) 13.78→15.11 (+9.65%) 9.71→10.43 (+7.42%) 18.16→20.02 (+10.24%) 11.22→12.11 (+7.93%)

BUIR 2.94→3.07 (+4.42%) 5.64→5.74 (+1.77%) 6.65→6.92 (+4.06%) 5.52→5.66 (+2.54%) 10.74→11.00 (+2.42%) 7.30→7.42 (+1.64%) 15.09→15.36 (+1.79%) 8.78→8.91 (+1.48%)

DirectAU 5.03→5.41 (+7.55%) 7.99→8.22 (+2.88%) 10.24→10.98 (+7.23%) 7.90→8.31 (+5.19%) 15.71→16.94 (+7.83%) 10.16→10.74 (+5.71%) 21.20→22.86 (+7.83%) 12.00→12.73 (+6.08%)

Pinterest

LightGCN 2.24→2.38 (+6.25%) 4.64→4.94 (+6.47%) 7.24→7.68 (+6.08%) 5.51→5.87 (+6.53%) 13.67→14.67 (+7.32%) 8.37→8.94 (+6.81%) 21.11→22.65 (+7.30%) 11.04→11.81 (+6.97%)

SGL 3.93→3.92 (-0.25%) 7.58→7.58 (0%) 11.21→11.35 (+1.25%) 8.57→8.63 (+0.70%) 19.62→19.86 (+1.22%) 12.23→12.35 (+0.98%) 28.16→28.44 (+0.99%) 15.31→15.44 (+0.85%)

SimGCL 5.04→8.49 (+68.45%) 9.28→14.86 (+60.13%) 13.56→21.31 (+57.15%) 10.33→16.20 (+56.82%) 22.70→32.82 (+44.58%) 14.31→21.21 (+48.22%) 31.68→41.79 (+31.91%) 17.54→24.37 (+38.94%)

NCL 4.10→4.63 (+12.93%) 8.21→9.11 (+10.84%) 11.48→13.02 (+13.41%) 8.98→10.08 (+12.25%) 19.55→22.32 (+14.17%) 12.59→14.18 (+12.63%) 27.85→31.76 (+14.04%) 15.60→17.58 (+12.69%)

BUIR 1.16→1.22 (+5.17%) 2.55→2.64 (+3.53%) 4.09→4.31 (+5.38%) 3.16→3.28 (+3.80%) 8.29→8.77 (+5.79%) 5.05→5.26 (+4.16%) 13.34→14.16 (+6.15%) 6.92→7.23 (+4.48%)

DirectAU 8.03→9.12 (+13.57%) 13.34→14.84 (+11.24%) 21.32→24.11 (+13.09%) 15.40→17.26 (+12.08%) 34.53→38.47 (+11.47%) 20.93→23.30 (+11.32%) 46.73→51.57 (+10.36%) 25.21→27.88 (+10.59%)

Yelp

LightGCN 2.13→2.37 (+11.27%) 1.31→1.64 (+25.19%) 2.16→2.72 (+25.93%) 1.94→2.39 (+23.20%) 4.07→5.23 (+28.50%) 2.88→3.62 (+25.69%) 6.47→8.37 (+29.37%) 3.87→4.88 (+26.10%)

SGL 0.92→0.97 (+5.43%) 2.43→2.50 (+2.88%) 2.28→2.57 (+12.72%) 2.14→2.33 (+8.88%) 4.06→4.67 (+15.02%) 3.02→3.36 (+11.26%) 6.21→7.18 (+15.62%) 3.91→4.38 (+12.02%)

SimGCL 1.01→2.00 (+98.02%) 2.72→5.24 (+92.65%) 2.30→5.31 (+130.87%) 2.22→4.83 (+117.57%) 3.67→8.68 (+136.51%) 2.92→6.52 (+123.29%) 4.96→11.71 (+136.09%) 3.46→7.78 (+124.86%)

NCL 1.16→1.41 (+21.55%) 3.43→4.06 (+18.37%) 2.91→3.65 (+25.43%) 2.87→3.52 (+22.65%) 4.76→6.13 (+28.78%) 3.83→4.79 (+25.07%) 6.74→8.88 (+31.75%) 4.67→5.91 (+26.55%)

BUIR 0.53→0.53 (+0%) 1.61→1.62 (+0.62%) 1.55→1.58 (+1.94%) 1.49→1.51 (+1.34%) 2.76→2.84 (+2.90%) 2.13→2.17 (+1.88%) 4.19→4.33 (+3.34%) 2.74→2.79 (+1.82%)

DirectAU 1.39→1.66 (+19.42%) 3.54→4.12 (+16.38%) 3.36→4.15 (+23.51%) 3.11→3.74 (+20.26%) 5.66→7.05 (+24.56%) 4.24→5.15 (+21.46%) 8.28→10.27 (+24.03%) 5.31→6.46 (+21.66%)

Kindle

LightGCN 7.21→7.26 (+0.69%) 8.81→8.56 (-2.84%) 14.88→15.06 (+1.21%) 10.26→10.21 (-0.49%) 19.76→20.23 (+2.38%) 12.18→12.19 (+0.08%) 23.20→24.01 (+3.49%) 13.28→13.37 (+0.68%)

SGL 7.90→7.94 (+0.51%) 9.63→9.33 (-3.12%) 16.93→17.58 (+3.84%) 11.53→11.61 (+0.69%) 23.32→24.37 (+4.50%) 13.99→14.19 (+1.43%) 27.87→29.43 (+5.60%) 15.41→15.74 (+2.14%)

SimGCL 8.54→8.80 (+3.04%) 11.55→11.25 (-2.60%) 17.27→18.57 (+7.53%) 12.62→12.98 (+2.85%) 22.79→24.71 (+8.42%) 14.82→15.38 (+3.78%) 25.95→28.20 (+8.67%) 16.87→17.50 (+3.73%)

NCL 9.26→9.66 (+4.32%) 12.55→12.85 (+2.39%) 18.25→19.42 (+6.41%) 13.50→14.10 (+4.44%) 23.89→25.43 (+6.45%) 15.83→16.58 (+4.74%) 27.62→29.60 (+7.17%) 17.08→17.96 (+5.15%)

BUIR 7.30→7.43 (+1.78%) 10.01→10.01 (0%) 15.50→15.67 (+1.10%) 11.28→11.34 (+0.53%) 20.64→20.98 (+1.65%) 13.46→13.58 (+0.89%) 24.20→24.72 (+2.15%) 14.68→14.85 (+1.16%)

DirectAU 8.00→8.26 (+3.25%) 10.24→10.23 (-0.10%) 17.69→18.66 (+5.48%) 12.23→12.60 (+3.03%) 24.89→26.57 (+6.75%) 15.07→15.67 (+3.98%) 30.18→32.61 (+8.05%) 16.79→17.60 (+4.82%)

AMZ-Book

LightGCN 2.02→2.14 (+5.94%) 4.62→4.77 (+3.25%) 5.15→5.65 (+9.71%) 4.48→4.82 (+7.59%) 8.13→9.26 (+13.90%) 5.92→6.49 (+9.63%) 11.05→12.78 (+15.66%) 7.06→7.85 (+11.19%)

SGL 2.47→2.59 (+4.86%) 5.51→5.62 (+2.00%) 6.06→6.64 (+9.57%) 5.30→5.65 (+6.60%) 9.46→10.66 (+12.68%) 6.94→7.52 (+8.36%) 12.64→14.39 (+13.84%) 8.18→8.95 (+9.41%)

SimGCL 2.72→3.09 (+13.60%) 6.40→7.02 (+9.69%) 6.13→7.14 (+16.48%) 5.64→6.42 (+13.83%) 8.69→10.35 (+19.10%) 6.19→7.99 (+29.08%) 10.55→12.76 (+20.95%) 7.68→8.95 (+16.54%)

NCL 2.63→2.97 (+7.53%) 6.49→7.18 (+4.81%) 6.30→7.32 (+8.40%) 5.81→6.61 (+6.79%) 9.53→11.35 (+9.65%) 7.44→8.58 (+7.42%) 12.44→15.10 (+10.24%) 8.58→10.07 (+7.93%)

BUIR 1.43→1.46 (+2.10%) 3.78→3.82 (+1.06%) 3.95→4.00 (+1.27%) 3.60→3.63 (+0.83%) 6.30→6.40 (+1.59%) 4.79→4.83 (+0.84%) 8.45→8.55 (+1.18%) 5.66→5.70 (+0.71%)

DirectAU 2.88→3.13 (+8.68%) 6.55→7.00 (+6.87%) 6.88→7.63 (+10.90%) 6.12→6.68 (+9.15%) 10.48→11.80 (+12.60%) 7.89→8.70 (+10.27%) 13.68→15.54 (+13.60%) 9.16→10.17 (+11.03%)

Recall@5
Recall@100
NDCG@5
NDCG@100

Figure 4: Experimental results of altering 𝑆 values.

• Furthermore, equipped with WSFE, contrastive-learning-based

models, e.g., SGL [46], SimGCL [51], and NCL [24], generally

have larger model improvements. This is because augmentation

techniques (either to original data or to the latent features) sub-

sequently provide the embedding enrichment for WSFE to exert.

3.2.2 Effect of SlicingNumber 𝑆 (RQ2A). Due to the renowned
and stable performance of LightGCN [13], we utilize it as the back-

bone on AMZ-Book dataset to exemplify the model analysis. We

alternatively change the value of 𝑆 and plot the results in Figure 4.

We notice that, altering 𝑆 from 4 to 64 is more influential to the

model performance, which is intuitive as this produces a more ac-

curate and fine-grained cumulative approximation. However, on

the other hand, consistently increasing 𝑆 will also put more com-

putation and memory strains. Thus, setting 𝑆 as 64 is the balanced

spot with positive momentum that presents a practical trade-off

between model performance and resource consumption.

3.2.3 Dimension Reduction (RQ2B). During evaluation, we

notice that some models encounter the “out-of-memory” problem.

To address this issue, we approach to aggregate layer-wise embed-

dings in Eqn.(7) to reduce the total dimensionality from 𝑆 (𝐿+1) to 𝑆 .

Table 3: Aggregation Selection.

Aggregator Concat Sum Max
Metric K=5 K=100 K=5 K=100 K=5 K=100

Recall@K 2.14 12.78 2.12 12.81 1.77 11.27

NDCG@K 4.77 7.85 4.78 7.77 4.31 7.01

From Table 3, we no-

tice that Sum surpris-

ingly presents a com-

petitive performance

with the original Con-
cat operation. This in-

dicates that, while Concat has a more complete representation

encoding with theoretical supports, Sum is suitable for dimension

reduction in scenarios with limited computational resources.

4 Conclusion and Future Extension

In this work, we propose WSFE to encode representations for ef-

fective user segmentation in collaborative filtering. The extensive

experiments demonstrate the effectiveness of our proposed method

and its generality to a variety of model deployments. As for future

work, we point out three major directions as follows:

(1) In light of the empirical findings in § 3.2.1, it is interesting to

explore contrastive learning techniques [28, 30, 54, 56] in the

sub-graph feature domain for further model improvement.

(2) It is worth investigating adapting our training-free model to

other scenarios of information retreival and autonomous data-

base management [14–16, 26, 27, 34, 38].

(3) We plan to design unsupervised regularization mechanisms

such thatWSFE and the backbonemodel can be jointly optimized
or even mutually enhanced for multi-task learning.
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