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Collaborative recommendation fundamentally involves learning high-quality user and item representations
from interaction data. Recently, graph convolution networks (GCNs) have advanced the field by utilizing
high-order connectivity patterns in interaction graphs, as evidenced by state-of-the-art methods like PinSage
and LightGCN. However, one key limitation has not been well addressed in existing solutions: capturing
long-range collaborative filtering signals, which are crucial for modeling user preference. In this work, we
propose a new graph transformer (GT) framework—Position-aware Graph Transformer for Recommendation
(PGTR), which combines the global modeling capability of Transformer blocks with the local neighborhood
feature extraction of GCNs. The key insight is to explicitly incorporate node position and structure information
from the user-item interaction graph into GT architecture via several purpose-designed positional encodings.
The long-range collaborative signals from the Transformer block are then combined linearly with the local
neighborhood features from the GCN backbone to enhance node embeddings for final recommendations.
Empirical studies demonstrate the effectiveness of the proposed PGTR method when implemented on various
GCN-based backbones across four real-world datasets and the robustness against interaction sparsity as well
as noise. Our implementations are available in GitHub: https://github.com/MEICRS/PGTR.
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1 Introduction
At the core of modern collaborative recommendation is learning high-quality representations
of users and items from user-item interaction data. Matrix factorization [21, 35] offered a first
step toward representation learning for recommendation, projecting user and item IDs into an
embedding space and performing predictions based on these vectors. Subsequent work built on
these foundations, augmenting the single user or item ID by incorporating additional information
into the representations, such as interaction history [16, 20] and rich side information [34, 36]. More
recently, approaches based on graph convolution networks (GCNs) have garnered significant
attention in recommendation [15, 39]. It explicitly converts collaborative filtering signals into
high-order connectivity patterns in the interaction graph, refining node representations through
recursive neighborhood information propagation, thereby achieving state-of-the-art (SOTA)
performance on recommendation tasks.

Despite the success, we argue that existing GCN-based methods still suffer from a core shortcom-
ing: inadequate capability to capture long-range collaborative filtering signals. The signals are pivotal
in recommendation systems, as they implicitly contain a wealth of potential interactions that are
useful for modeling user preferences. Figure 1 shows an example of long-range collaborative signals
in movie recommendation, where a less active target user might show interest in a movie seven
hops away in the interaction graph. However, GCN-based methods, limited by well-recognized
issues of over-smoothing [5] and over-squashing [1], can only aggregate information from few
hops (e.g., ; = 2 or 3) of neighbors [9, 15, 39]. This limitation implies that many low-degree nodes
may not be adequately modeled as they have difficulty capturing long-range collaborative signals.
In addition, increasing the number of layers in GCNs might lead to the propagation of noise within
the interaction graph, consequently having a detrimental effect on the user experience.

In this article, we aim to answer the question “how to capture long-range collaborative filtering
signals effectively and adequately?”. We focus on exploring of graph transformer (GT) technique
in collaborative recommendation. The GT has been proven to effectively address the limitation of
GCNs in capturing long-range information in the field of node/graph classification [33, 37, 43, 50],
but it is relatively less explored in recommendation. Typically, the GT framework combines GCNs
with Transformer architectures; the former could encode local neighborhood features while the
latter provides long-range/global information. At the core of the GT is positional encoding (PE),
which is crucial for capturing graph structure [28, 29], so as to enhance the node representations.
For example, Graphormer [50] devises PEs to capture the structure relation between nodes and
the node importance in the graph. Compared with GCNs, the GT allows us to exploit the long-
range/global information, achieving significant performance improvements in the classification
tasks [28, 29].

To this end, we endeavor to introduce the advantages of the GT into recommendation. However,
applying this technique to collaborative recommendation is not a trivial task, as the interaction
graph data are extremely sparse, lack side information, and contain noise. Moreover, observed
interactions often follow a power-law distribution [11], with significant variations in degree among
different items or users. To address the aforementioned limitation of GCN-based recommenders,
we propose a position-aware graph transformer for recommendation (PGTR) on the basis of
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Fig. 1. An example of long-range collaborative signals in movie recommendation, where the target user may
be interested in the movie Once Upon a Time in America seven hops away in the user-item graph. The dashed
lines between nodes are the user-item interactions.

the current GCN model (e.g., LightGCN [15]). Specifically, it is composed of two key components:
(1) well-designed PEs, which effectively encode graph structure and node positional information
on the user-item interaction graph and (2) global collaborative relations modeling, which enables
existing GCN-based models to adequately integrate long-range information for enhancing node
representations. To be specific, the proposed PEs are tailored for the user-item graph in collaborative
recommendation. They include spectral encoding, degree encoding, PageRank encoding, and type
encoding. Among them, the spectral encoding encodes the positional information of the nodes, the
degree encoding and PageRank encoding consider the interaction characteristics of nodes on the
graph, and the type encoding focuses on the heterogeneity of the interaction graph. Each encoding
works with a different rationality. This allows the individual information of nodes to be fully
encoded on the interaction graph. After encoding position information for each node, the PEs are
injected into the node representations. Subsequently, the Transformer block in PGTR models the
relationships between all node pairs based on the position-aware node representations, effectuating
the capture of global information. Finally, the captured global information is linearly combined
with the local neighborhood features modeled by the GCN backbone, leading to the enhancement
of the node representations.

It is worthwhile mentioning that our PGTR is model-agnostic. It can be applied to any GCN-based
model that consists of user and item embedding. In this work, we implement it on NGCF [39],
GCCF [9], LightGCN [15], and UltraGCN [27]. Experimental studies on four benchmark datasets
demonstrate the effectiveness of PGTR, which significantly improves the recommendation accuracy
and enhances the robustness against sparsity and noise. The contributions of this work are:

—We propose a model-agnostic GT framework, PGTR, on the basis of existing GCN-based
models, which can capture long-range collaborative signals effectively and promote the
performance of the GCN model.
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—We highlight four node PEs tailored for the recommendation to provide interaction graph
structure and node position information, which play a crucial role in our PGTR.

—We conduct extensive experiments on multiple datasets to validate the effectiveness of our
PGTR. By comparing it with several SOTA methods, our approach consistently achieves
improvements across various experimental settings.

2 Preliminaries
In this section, we provide an introduction to basic symbols and fundamental methods, including
the GCN-based collaborative filtering method and the GT framework.

Let R ∈ R#×" denote the user-item interaction matrix constructed from dataset D, where # and
" represent the number of users and items, respectively. U and I represent the user set and item
set, respectively. Each entry 0D8 in R is a binary value, specifically 0 or 1, indicating whether user
D has interacted with item 8 . We can create a user-item bipartite graph B = (V, E) based on the
interaction matrix R. Here, V consists of the set of user nodes and item nodes, while E represents
the set of edges. An edge exists between userD and item 8 if 0D8 = 1.ND (N8 ) indicates the first-order

neighbor items (users). �46A44 (8) is the degree of node 8 on the graph B. A =

(
0 R
R> 0

)
is the

adjacency matrix.

2.1 GCN-based Collaborative Filtering
TheGCN-based method is a mainstream approach in recommendation [15, 38, 39], which aggregates
neighborhood information, enabling us to capture high-order connectivity patterns. The common
paradigm of GCN-based models in collaborative recommendation is as follows [41]:{

e(;+1)D = 52><18=4 (e(; )D , 5066A460C4 ({e(; )8 |8 ∈ ND})),

e(;+1)
8

= 52><18=4 (e(; )8 , 5066A460C4 ({e(; )D |D ∈ N8 })) .
(1)

For a user node D, by aggregating the representations of its neighbors {e(; )
8

|8 ∈ ND} and incorpo-
rating its own representation e(; )D at the ;th layer, the updated representation e(;+1)D is obtained.
This holds true for each item node as well. After ! rounds of aggregation, the GCN model encodes
the !-order neighbors. Subsequently, we obtain node representations for ! layers, resulting in the
final node representation through a readout function:

e = 5A403>DC ({e(; ) |; = 0, · · · , !}), (2)

where e(0) ∈ R3 is the initialized emebddings, 3 is the embedding size. To be specific, there are a
number of designs for 52><18=4 (·), 5066A460C4 (·), and 5A403>DC (·). More details can be referred to the
survey [44].

Traditional GCN-based methods can only capture collaborative signals through message passing
and neighbor aggregation. However, when it comes to capturing long-range collaborative signals,
such as ! > 3, GCN-based models often face the issues of over-smoothing and over-squashing
[1, 5]. This may result in a performance decline and the long-range collaborative signals cannot be
captured. The GT framework has the potential to address these issues. Next, we introduce the GT
framework.

2.2 GT
The GT techniques have been applied to various tasks of graph learning, such as node classification
[6, 43, 54] and graph classification [18, 30]. Typically, the GT framework combines GCN module
with the Transformer module to leverage their respective strengths. The GCN module is utilized
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for learning the local structure of the graph, while the Transformer provides global information.
By combining these two components in various configurations, the GT can effectively model both
local and global relationships, resulting in improved performance for specific tasks [28].

As mentioned before, the GCN model has been introduced. In this part, we focus on introducing
the vanilla Transformer architecture. Assuming that the input of node 8 to the ;th Transformer
layer is denoted as z(; )

8
, we compute attention scores within the Transformer across the full-graph

(including ) nodes) to estimate the latent relationships between node 8 and other nodes. For
simplicity, there is

0̃
(; )
8 9

=

exp

((
W(; )

&
z(; )
8

)> (
W(; )

 
z(; )
9

))
∑)
C=1 exp

((
W(; )

&
z(; )
8

)> (
W(; )

 
z(; )C

)) , (3)

then perform global aggregation of node information:

z(;+1)
8

=

)∑
9=1

0̃
(; )
8 9

·
(
W(; )
+

z(; )
9

)
, (4)

where W(; )
&

, W(; )
 

, and W(; )
+

are learnable parameters at the ;th Transformer layer. The updating
for all ) nodes in one layer using Equations (3) and (4) requires prohibitive O() 2) complexity [43].
When dealing with a large graph (with up to 2M nodes), computation becomes challenging. In order
to accelerate the computation, Nodeformer [43] proposes an efficient approximate algorithm named
kernelizedmessage passingmethod (a.k.a. Nodeformer Convolution) that reduces the computational
complexity from O() 2) to O() ). In brief, Equations (3) and (4) are finally transformed into

(
z(;+1)
8

)>
≈
q

(
W(; )

&
z(; )
8

)> ∑)
9=1 q

(
W(; )

 
z(; )
9

)
·
(
W(; )
+

z(; )
9

)>
q

(
W(; )

&
z(; )
8

)
·∑)

C=1 q

(
W(; )

 
z(; )C

)> , (5)

where q (·) : Rℎ → R< is a low-dimensional feature map with random transformation [43]. For
example,

q (x) =
exp( −‖x‖22

2 )
√
<

[
exp

(
w>

1 x
)
, · · · , exp

(
w>
<x

) ]
, (6)

where x ∈ Rℎ is the input, w: ∈ Rℎ ∼ N (0, Iℎ) (Iℎ is the identity matrix) is an i.i.d. sampled
random transformation [10]. This makes global node aggregation on large-scale graphs feasible.

3 Methodology
In this section, we present our proposed PGTR framework, which incorporates GCN-based backbone
(e.g., LightGCN [15], NGCF [39]), Transformer module (here we use the Nodeformer Convolution
[43] introduced in Section 2.2) and well-designed node PEs. The GCN-based backbone encodes
local neighborhood features, the Transformer module is used for capturing global collaborative
relations, as well as PEs are utilized to provide structure and position information of nodes on the
interaction graph within the Transformer block.

We start by introducing four types of node PEs tailored for collaborative recommendation. Then,
we give the detailed implementations for our PGTR framework combined with the GCN-based
backbone and the Transformer module.
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3.1 Proposed PEs
In practice, PEs are widely used in the GT for improving the capability of modeling the relations
among nodes [2, 12, 22, 53]. They provide the graph structure and position information of nodes
within the Transformer module. However, they are not tailored for the field of collaborative
recommendation. For example, it is crucial to not only consider the relationship between users and
items but also take into account the relationship among users (user-user) and items (item-item). In
addition, there are two types of nodes (user/item nodes) that need to be taken into consideration.
In the next, we will introduce each of the PEs proposed for collaborative recommendation.

3.1.1 Spectral Encoding. In graph learning tasks, Laplacian PE [12, 22, 32, 33] is commonly
utilized in the GT from the spectral domain of graph. This PE can encode relative position infor-
mation between nodes, and neighboring nodes would have similar encodings. In this article, we
adopt this method for encoding the position information of each user and item in the user-item
interaction graph. Formally, for the interaction adjacency matrix A, we precomputed its Laplacian
eigenvectors,

S>�S = L = I − D−1/2AD−1/2, (7)

where D is the degree matrix of A, I is the identity matrix, � and S are the eigenvalues and
eigenvectors, respectively. Generally, eigenvectors of the �� smallest non-trivial eigenvalues are
used as the Laplacian PEs. Thus, we obtain the Laplacian PEs P�0 = [U0,V0] ∈ R��×(#+" ) from S,
where U0 ∈ R��×# and V0 ∈ R��×" represent the Laplacian PEs of users and items, respectively.

In recommendation, building user-user and item-item relationships is of great significance [14].
Therefore, we encode position information for each user and item on the user-side and item-side
interaction graph, respectively. First, we construct the user-side adjacency matrix A* ∈ R#×# and
the item-side adjacency matrix A� ∈ R"×" , where the elements are 0 or 1, indicating the existence
of second-order connectivity in B. Then, we have{

S>1 �1S1 = L* = I* − D−1/2
*

A*D
−1/2
*

,

S>2 �2S2 = L� = I� − D−1/2
�

A�D
−1/2
�

.
(8)

Likewise, we select the eigenvectors corresponding to the �� smallest non-trivial eigenvalues
as the Laplacian PEs for users and items on their respective interaction graphs (user-side and
item-side). That is, we obtain U1 ∈ R��×# from S1, and V1 ∈ R��×" from S2. Further, there is
P�1 = [U1,V1] ∈ R��×(#+" ) .

In the end, we combine P�0 and P�1 to create Spectral Encodings, i.e.,

P� = (1 − _� )P�0 + _�P�1 , (9)

where _� ∈ [0, 1] is the hyper-parameter to control the proportions of different Laplacian PEs. Each
user (item) can be determined by their spectral encodings separately on the user-item interaction
graph and the user-side interaction graph (item-side interaction graph). This helps the model to
have a clearer understanding of the relationships between users and items.

3.1.2 Degree Encoding. In recommendation systems, the popularity of items and the activity
of users are important indicators that reflect the quality of items and user behavior patterns. From
the perspective of items, when two items have similar popularity, they tend to appear in similar
contexts or scenarios, such as in similar recommendation lists, purchase histories, or social circles.
For example, some users are consistently drawn to popular songs, while others focus on niche or
lesser-known tracks. Therefore, items with similar popularity are more likely to exhibit connections
in user behavior data. From the perspective of users, when two users have similar activity, it implies
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that they exhibit similar behavior patterns and engagement on the platform. For example, based on
similar preferences, they may collectively discover and explore similar items, or they may mutually
follow each other on social networks. To this end, we devise degree encodings for each user and item.

The degree distribution in recommendation datasets is skewed. For instance, in the Amazon-book
dataset [15], some items have thousands of interactions, while others only have a dozen. If we
encode each degree as done in Graphormer [50], it becomes challenging to establish connections
between nodes with close degrees. Therefore, we adopt a strategy of grouping degrees, as shown in
Figure 3.

Specifically, for the item set, each item 8 ∈ I has an associated popularity ?8 = �46A44 (8), i.e.,
(� = {(81, ?81 ), (82, ?82 ), · · · , (8" , ?8" )}. (10)

We sort the items in ascending order of their popularity and uniformly divide these items into #3
groups. For an item 8 , the degree PE is

P�8 = ��� (# 8
3
), 0 ≤ # 8

3
< #3 , (11)

where ��� (·) is the degree group encoder for the items, # 8
3
is the group that the item 8 belongs to.

Finally, we obtain the degree encoding for all items, denoted as P�
�
∈ R��×" , �� is the encoding

dimension.
Similarly, each user D ∈ U has a corresponding activity 0D = �46A44 (D) and (* = {(D1, 0D1 ),

(D2, 0D2 ), · · · , (D# , 0D# )}. We sort the users in ascending order of their activity and also uniformly
divide them into #3 groups. The degree PE of user D is

P�D = ��* (#D
3
), 0 ≤ #D

3
< #3 , (12)

where ��* (·) is the degree group encoder for the users, #D
3
is the group that the user D belongs

to. Further, we can get P�
*
∈ R��×# for all users.

It is necessary to note that this encoding is not entirely valid for items (or users) in the critical
position within a group because there are some items (or users) with similar popularity (activity)
located in different groups. But in general, we make this PE work by adjusting #3 .

3.1.3 PageRank Encoding. PageRank [31] can be used to describe the importance or influence
of items and users on the interaction graph. The PageRank value of an item (or user) is not only
related to its own degree but also depends on the importance of its neighbors on the graph. When
two items have similar PageRank values, it indicates that they are similarly favored by users. For
users, when two users have similar PageRank values, their interaction patterns tend to be similar.
Therefore, we propose PageRank encodings, as shown in Figure 4.

First, we precompute PageRank values for all users and items based on the interaction graph B.1
Then, each item 8 has a PageRank value A8 and there is

&� = {(81, A81 ), (82, A82 ), · · · , (8" , A8" )}. (13)

We sort the items in ascending order of their PageRank values and divide these items into #A
groups evenly. For an item 8 , its PageRank PE is

P'8 = %�� (# 8
A ), 0 ≤ # 8

A < #A , (14)

where %�� (·) is the PageRank group encoder for the items, # 8
A is the group that the item 8 belongs

to. The PageRank PEs P'
�
∈ R�'×" for all items can be obtained, �' is the encoding dimension.

Similar to Section 3.1.2, from the user’s perspective, we obtain the PageRank PEs corresponding to
all users P'

*
∈ R�'×# .

1We utilize networkx.pagerank() in Python to compute PageRank values.
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Implementing this encoding through grouping faces similar challenges as the Degree Similarity
criterion. However, by adjusting the number of groups, we also achieve its effectiveness in con-
structing the relationships among users and items. For simplicity, we set the number of groups for
both items and users as #A .

3.1.4 Type Encoding. Users and items have different relation patterns and attributes in a recom-
mendation system. For example, the display of items on a Web site or app (such as organized sorting
by category or popularity) is different from the relationships between users. By distinguishing the
node types on the interaction graph, the PGTR can better understand the interaction and connection
among users and items. To this end, we propose type encodings based on the node types.

Intuitively, we assign a type of PE to item groups and user groups separately. All items share the
same type of PE, and all users share the same one as well, i.e.,{

P.8 =)� (0), 8 ∈ I,
P.D =)� (1), D ∈ U .

(15)

where )� (·) is the node type encoder. We can get P.
�
∈ R�. ×" and P.

*
∈ R�. ×# for all items and

users respectively, �. is the encoding dimension.
Overall, the proposed four PEs provide a thoughtful consideration of the relationship among users

and items from different perspectives, enabling the capture and modeling of various relationships.
Next, we introduce the PGTR framework and incorporate the four PEs into the framework to
facilitate the learning of the relationships.

3.2 PGTR Framework
In this section, we integrate Equation (5) (i.e., Nodeformer Convolution) and several proposed PEs
into the existing GCN-based model (e.g., LightGCN [15], NGCF [39]) to form a new PGTR model.
Figure 2 illustrates the overall framework. Specifically, we first inject positional information into
the initialization of node embeddings in the model, enabling position identification at the node
representation. For any given node 9 (user or item), there is

h(0)
9

= e(0)
9

+ _1P9 , (16)

where _1 ∈ [0, 1] controls the strength of the positional information, and

P9 =

{
W� (W�P�9 +W�P�9 +W'P '

9 +W.P.9 ), if 9 ∈ I,
W* (W�P�9 +W�P�9 +W'P'9 +W.P.9 ), if 9 ∈ U,

(17)

where W� ∈ R3×3 , W* ∈ R3×3 , W� ∈ R3×�� , W� ∈ R3×�� , W' ∈ R3×�' , and W. ∈ R3×�. are
learnable transformation matrices that transform the PE dimension to the embedding dimension.
Next, h(0)

9
is fed to the GCN module and Nodeformer Convolution module. At the ;th Transformer

layer, we have the following steps:

h̃
(;+1)
9 = 52><18=4 (h(; )

9
, 5066A460C4 ({h(; )

:
|: ∈ N9 })), (18)

this step models local neighborhood features through the GCN module. Thereafter, for capturing
global collaborative signals, based on Equation (5),(

h̄(;+1)
9

)>
≈
q

(
W(; )

&
ĥ
(; )
9

)> ∑#+"
E=1 q

(
W(; )

 
ĥ
(; )
E

)
·
(
W(; )
+

ĥ
(; )
E

)>
q

(
W(; )

&
ĥ
(; )
9

)> ∑#+"
C=1 q

(
W(; )

 
ĥ
(; )
C

) , (19)
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Fig. 2. Overall framework of our PGTR model.

where

ĥ
(; )
9 = h̃

(;+1)
9 + _2P 9 , (20)

which means that the positional information is re-injected into the output representation of the
GCN module, _2 ∈ [0, 1] controls the injection strength as well. Finally, we get the representation
of node 9 at this layer,

h(;+1)
9

= (1 − _3)h̃
(;+1)
9 + _3h̄

(;+1)
9 , (21)

where _3 ∈ [0, 1] controls the ratio of mixing between local and global information. After ! layers,
there is the final node representation derived by our PGTR framework, i.e.,

h9 = 5A403>DC ({h(; )
9
|; = 0, · · · , !}) . (22)

Note that in our implementations, we omit W(; )
&

, W(; )
 

, and W(; )
+

in the Transformer for simplicity.
Training Loss: We train our PGTR model using the sampled softmax (SSM) loss [42], i.e.,

L((" = − 1
|D|

∑
(D,8 ) ∈D

log
exp(5 (D, 8))

exp(5 (D, 8)) +∑
9∈N exp(5 (D, 9)) , (23)
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Fig. 3. The procedure of degree encoding for users and items.

Fig. 4. The procedure of PageRank encoding for users and items.

where 5 (D, 8) = s>D s8
g

, sD and s8 are the normalized representations of hD and h8 , respectively, g is
the temperature coefficient, 9 ∈ N is the negative sample of user D. We adopt the in-batch negative
trick [17] just like [42] for parallel computing, which treats positive items of other users in the same
batch as the negatives. The training procedure for our proposed method is outlined in Algorithm 1.

Complexity Analysis: Note that among the four PEs, P� , P' , and P. are trainable. Considering
the space complexity of trainable parameters, the PGTR only adds a small number of trainable
parameters compared to the original GCN-based model, i.e.,

O (2(#3�� + #A�' + �. ) + 3 (�� + �� + �' + �. + 23)) .

It is much smaller than all embedding parameters O((# +")3) for large # and " .
Additionally, we provide a brief analysis of the theoretical time complexity for the proposed

PGTR model and compared methods. Table 1 summarizes the time complexity and key components
of each method.The PGTRmethods, which incorporate the Transformer architecture, exhibit higher
complexities due to the additional computational requirements of the Transformer module.

Based on the observed experiments, for the two small datasets (Amazon-elec and Douban-book),
the single-round training time of PGTR is similar to that of LightGCN. However, since PGTR
establishes relationships between nodes extensively during training, it achieves faster performance
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Table 1. Theoretical Time Complexity of Compared Methods

Method Time Complexity Key Components
BPR-MF $ ( |E | · 3) Matrix factorization, pairwise loss
NGCF $ (! · ( |E | · 3 +) · 32)) GCN layers (!), neighborhood aggregation
LightGCN $ (! · |E | · 3) Simplified GCN (no nonlinear operations)
UltraGCN $ ( |E | · 3) High-order proximity via loss regularization
SGL $ (! · |E | · 3 + |E|aug · 3) GCN + contrastive learning
SimGCL $ (! · |E | · 3 +) · 3) GCN + noise augmentation
LightGCL $ (! · |E | · 3 + SVD) GCN + SVD-based augmentation
GFormer $ (! · () · 32 + |E| · 3)) LightGCN backbone + Collaborative Rationale Discovery
LightGCN-PGTR $ (! · () 2 · 32 + |E| · 3)) LightGCN backbone + Linearized Transformer
UltraGCN-PGTR $ () 2 · 32 + |E| · 3) UltraGCN backbone + Linearized Transformer

Algorithm 1: Training Algorithm of PGTR

improvement and requires fewer training rounds. On the larger LastFM and Amazon-book datasets,
the single-round training time of PGTR is approximately 5× that of LightGCN. However, the overall
training duration is only 1.2× longer on the LastFM dataset and 2.9× longer on the Amazon-book
dataset. The comparison of computation efficiency between PGTR and the base model is shown in
Section 4.6.

4 Experiments
In this section, we conduct experiments to evaluate the performance of our proposed PGTR. Our
experiments are expected to answer the following research questions (RQs):
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—RQ1: How effective is the proposed PGTR compared to other SOTA models?
—RQ2 : How well does the proposed PGTR perform in long-range recommendations?
—RQ3: How does the proposed method perform on different levels of sparsity and noisy data?
—RQ4: Are the four proposed PEs effective?

4.1 Experimental Setup
We perform experiments on four commonly used real-world datasets to evaluate our method:
Amazon-electronics, Douban-book, LastFM, and Amazon-book. Table 3 provides an overview of
the statistics for these datasets. In order to simulate different levels of sparsity, we divide the dataset
into 20%/40%/60%/80% as the training set. Within the training set, 20% is used as a validation set to
tune hyper-parameters. The remaining 80%/60%/40%/20% is treated as the testing set. Two widely
used evaluation metrics are adopted, i.e., Recall@20 and NDCG@20.

4.1.1 Compared Methods. To validate the superiority of our method, we compare it with several
advanced baselines used for collaborative filtering, including several well-known Matrix factor-
ization based and GCN-based methods: BPRMF [21], NGCF [39], GCCF [9], LightGCN [15], and
UltraGCN [27], and several SOTA self-supervised learning-based methods:

—SGL [41]: It employs various random data augmentation techniques, such as edge dropping,
node dropping, and random walks, to generate diverse views of interaction structures. These
views are then used for contrastive learning.

—EGLN [49]: It incorporates two modules: a node embedding learning module and a graph
structure learning module. They are designed for learning from each other and enhancing the
representations.

—SimGCL [51]: It enhances LightGCN by incorporating a noise-based augmentation at the
user/item representation level and contrastive learning.

—LightGCL [3]: It introduces a graph augmentation strategy based on singular value decompo-
sition to extract global collaborative patterns effectively. Contrastive learning is conducted
between the reconstructed graph and the original graph.

—GFormer [23]: This model enables the construction of rationale-aware general augmentation
through masked graph autoencoding.

4.1.2 Hyper-parameter Settings. For a fair comparison, the GCN-based method that requires
specifying the number of GCN layers is set to two layers. The embedding size for all methods is
set to 32. All models use the Adam optimizer [19]. Except for the Amazon-elec dataset, which
has a batch size of 64, the batch sizes for the other three datasets are set to 2,048. For our PGTR
method, �� is searched from {1, 10, 50, 100, 150, 200, 250, 300}, with a default value of 50. �� , �' ,
and �. are searched from {2, 4, 8, 16, 32, 64}, with a default value of 4. #3 and #A are searched from
{1, 5, 10, 15, 20}, with a default value of 10. For simplicity, _� , _1, and _2 are all searched in {0, 1}. And
the temperature g of the SSM loss is searched in a coarse grain range of {0.02, 0.1, 0.2, · · · , 1.0, 1.2}.

4.2 Performance Comparison (RQ1)
In Table 2, we present a performance comparison between our proposed method and other methods,
where the dataset splitting is training:testing = 2:8. Specifically, we apply the PGTR method to
four existing GCN-based recommender models, enabling each model to capture long-range/global
collaborative signals. Overall, our proposed method achieves improved performance over the
four GCN-based models and attains the best performance on various datasets in such a sparse
scene. Regarding Table 2, the following observations can be made. (1) Overall, the GCN-based
method outperforms the MF method, which is consistent with the current mainstream conclusion.
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Table 2. Performance Comparison between Our Method PGTR and Other Counterparts

Data Amazon-Elec Douban-Book LastFM Amazon-Book

Model Recall NDCG Recall NDCG Recall NDCG Recall NDCG

MF [2009] 0.0296 0.0410 0.0487 0.0837 0.0478 0.1054 0.0191 0.0361

NGCF [2019] 0.0684 0.0921 0.0735 0.1164 0.0263 0.0654 0.0141 0.0286

GCCF [2020] 0.0352 0.0534 0.0570 0.1114 0.0325 0.0840 0.0179 0.0364

LightGCN [2020] 0.0330 0.0485 0.0677 0.1278 0.0535 0.1215 0.0250 0.0472

UltraGCN [2021] 0.0781 0.0955 0.1123 0.1966 0.0612 0.1361 0.0212 0.0398

EGLN [2021] 0.0551 0.0732 0.0726 0.1353 0.0543 0.1227 0.0238 0.0454

SGL [2021] 0.0355 0.0465 0.0804 0.1490 0.0551 0.1235 0.0260 0.0463

SimGCL [2022] 0.0381 0.0510 0.0809 0.1517 0.0540 0.1221 0.0245 0.0432

LightGCL [2023] 0.0432 0.0610 0.0682 0.0904 0.0570 0.1217 0.0250 0.0428

GFormer [2023] 0.0761 0.1055 0.0781 0.1468 0.0577 0.1238 0.0258 0.0489

NGCF-PGTR 0.0802 0.1084 0.0909 0.1558 0.0616 0.1394 0.0274 0.0506

GCCF-PGTR 0.0796 0.1081 0.0889 0.1584 0.0579 0.1258 0.0264 0.0476

LightGCN-PGTR 0.0811 0.1103 0.0899 0.1536 0.0610 0.1360 0.0290 0.0521

UltraGCN-PGTR 0.0809 0.1087 0.1434 0.2287 0.0629 0.1395 0.0216 0.0404

Improve 3.84% 4.55% 27.69% 16.33% 2.78% 2.50% 11.54% 6.54%

The best result is bolded and the runner-up is underlined. “[2020]” indicates the publication year of the
corresponding method. Recall and NDCG scores are reported at a cutoff of 20.

Table 3. Dataset Description

Dataset #Users #Items #Interactions Density

Amazon-elec 1,435 1,522 35,931 0.062%

Douban-book 13,024 22,347 792,062 0.272%

LastFM 23,566 48,123 3,034,763 0.268%

Amazon-book 52,643 91,599 2,984,108 0.062%

This indicates the importance of utilizing neighbor information and capturing local collaborative
relations. (2) Methods based on self-supervised learning demonstrate strong recommendation
performance. However, we also observe that in cases where the training set is very sparse, some
self-supervised learning methods perform similarly to the GCN-based models, such as SimGCL on
the Amazon-book dataset, where its performance is lower than the base model LightGCN. This
may be attributed to over-fitting, suggesting that relying solely on local information is insufficient
for sparse data. (3) Our proposed method achieves significant performance improvements across
various backbones. On the one hand, by incorporating the position information of nodes into
the model, our method can better capture relations among nodes. On the other hand, employing
the Transformer architecture allows the model to capture long-range/global collaborative signals,
compensating for the limitations of the existing GCN-based models.
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Fig. 5. Performance comparison of LightGCN and LightGCN-PGTR for different hop distances on the
Amazon-elec and Douban-book datasets, respectively. “Number of test items” refers to the number of test
items that appear in the user’s interaction nodes at each hop in the training interaction graph. For example, in
(a), the value 1,596 at Hop = 3 indicates that there are 1,596 interacted items in the Amazon-elec test set that
appear in the three-hop neighbors of users in the training interaction graph. The metric Hit@K represents the
proportion of correctly recommended items within the Top-K recommendations for each user, corresponding
to the true items at each hop.

4.3 Performance Comparison on Long-range Item Recommendation (RQ2)
In this section, we compare the performance of LightGCN and LightGCN-PGTR on long-range
item recommendation across two datasets: Amazon-elec and Douban-book. The goal is to assess
how effectively each model can recommend items that are multiple hops away from users in the
interaction graph. The results are shown in Figures 5 and 6.

4.3.1 Overall Performance Comparison. In Figure 5, the “Number of test items” indicates the
number of test items that appear in the user’s interaction nodes at each hop in the training interac-
tion graph. For instance, at Hop = 3, the value 1,596 indicates that there are 1,596 interacted items in
the Amazon-elec test set that appear in the three-hop neighbors of users in the training interaction
graph. The “other” category refers to items that are either further away or not connected through
any path. The metric used is Hit@K, which measures the proportion of correctly recommended
items within the Top-K recommendations for each user, corresponding to the true items at each hop.
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Fig. 6. Case study illustrating the long-range recommendation results of LightGCN and LightGCN-PGTR on
the Amazon-elec. We omit the detailed interactions of user-552 for clarity. We use ; to denote the reachable
nodes of user-552 at the ;th hop. Additionally, to enhance the readability of the figure, we exclude the
reachable user nodes at ; = 4 and ; = 6.

Figure 5(a) and (b) shows the performance of LightGCN and LightGCN-PGTR on the Amazon-elec
dataset for different hop distances. LightGCN demonstrates superior performance in recommending
items that are closely connected to users (three hops). This suggests that LightGCN is effective in
capturing local collaborative signals. For items that are five or more hops away, LightGCN-PGTR
significantly outperforms LightGCN. This indicates that PGTR enhances the model’s ability to
capture long-range collaborative signals, which are crucial for modeling user preferences accurately.
Figure 5(c) and (d) presents the performance on the Douban-book dataset. Similar to the Amazon-
elec dataset, we observe that while there is a slight performance drop for LightGCN-PGTR at five
hops, the overall trend indicates that PGTR still enhances the recommendation performance for
longer-range items. This is evident when considering the combined results of Figure 5(c) and (d),
where PGTR consistently outperforms LightGCN in capturing long-range collaborative signals.

4.3.2 Case Study. Figure 6 provides a case study on the Amazon-elec dataset, illustrating the
recommendation results for user-552. The results show that LightGCN correctly recommends only
one item (item-65) at the three-hop distance, whereas LightGCN-PGTR successfully recommends
several items that are further away. This case study highlights the capability of PGTR to effectively
recommend items that are multiple hops away, demonstrating its superior performance in long-
range item recommendation.

4.4 Robustness Study (RQ3)
In this section, we evaluate the robustness of our model compared to other methods against data
sparsity and noise.

4.4.1 Robustness against Data Sparsity. In order to evaluate the robustness of PGTR against
data sparsity, we conduct various experiments on different sparsity levels. To be more specific, we
conduct experiments on different proportions of training sets (20%, 40%, 60%, 80% of the original

ACM Transactions on Information Systems, Vol. 43, No. 6, Article 165. Publication date: September 2025.



165:16 J. Chen et al.

Fig. 7. Performance comparison on Douban-book and LastFM datasets under different proportions of the
training set.

dataset, with the remainder used for testing), simulating various levels of sparsity. The results on
two datasets, Douban-book and LastFm, are shown in Figure 7. From the figure, it can be observed
that our method outperforms LightGCN and GFormer across different levels of sparsity, reaching
the SOTA results. We believe that, in the current scenario of sparse recommendation data, adopting
PGTR to model relationships among nodes explicitly and capture global collaborative relations is
necessary.

4.4.2 Robustness against Data Noise. In order to demonstrate the robustness of the proposed
method PGTR against interaction noise, we randomly insert different proportions (10%, 20%,
30%) of noisy interactions into the training set. The noisy interactions of a user are randomly
generated based on a specific proportion to the number of interactions. We train PGTR and other
powerful baselines and evaluate their performance. We compare the performance decrease of
different methods under different proportions of noise. The performance without any noise is the
benchmark, as shown in Figure 8. First, we can observe that LightGCN had the highest decrease in
performance on both datasets (Amazon-elec and Douban-book). This indicates that adopting this
fixed neighbor aggregation is sensitive to noise. Second, it can be observed that SGL and GFormer
have a certain ability to resist noise, which demonstrates the robustness of self-supervised learning
against noise. Furthermore, the results show that our method has the least performance degradation
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Fig. 8. Performance comparison onAmazon-elec andDouban-book datasets with different noise perturbations.

on both datasets. This demonstrates that our method has good recognition capability for noise when
dealing with interaction data. We believe that the PGTR model can integrate multiple positional
information to discriminate the authenticity of interactions, which is the source of advancement in
our method.

4.5 Ablation Study (RQ4)
In this section, we conduct experiments to validate the effectiveness of the four proposed PEs and
the role of capturing long-range/global collaborative information in our model.

4.5.1 Effect of PE. To validate the effectiveness of the proposed PEs, we perform an ablation
study over them. Specifically, we separately remove each type of node PE as well as all encodings
from the PGTR and test the performance after their removal, i.e., “-PL,” “-DG,” “-PR,” “-TP,” and “All”
represent that removing spectral encodings, degree encodings, PageRank encodings, type encodings,
and all encodings, respectively. We show the results on Amazon-elec and Douban-book datasets in
Table 4. Overall, it can be seen that after removing each PE, the performance would degrade. It
means that each PE contributes to the PGTR model. In addition, each PE can have varying effects on
different datasets. For example, the impact of spectral encoding on performance is evidently greater
in Douban-book compared to its effect on Amazon-elec. We can also observe that the significance
of each PE varies. This suggests that they play distinct roles in constructing relationships among
nodes across different aspects. As a comparison, the performance drops significantly after all PEs
are removed, which indicates that the proposed node PEs play an important role in the model.

4.5.2 Effect of _3. _3 is used in Equation (21) to control the ratio of mixing between local
and long-range/global collaborative information. We give the tuning results of _3 on LastFM and
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Table 4. Performance of Ablated Models on Amazon-Elec and Douban-Book Datasets

Dataset Metric -PL -DG -PR -TP -All PGTR

Recall@20 0.0801 0.0777 0.0783 0.0789 0.0613 0.0811
Amazon-elec

NDCG@20 0.1089 0.1082 0.1084 0.1084 0.0797 0.1103

Recall@20 0.0873 0.0892 0.0876 0.0889 0.0784 0.0899
Douban-book

NDCG@20 0.1531 0.1529 0.1512 0.1520 0.1456 0.1536

Bold values indicate the best performance for each metric.

Fig. 9. Effect of _3 on LastFM and Amazon-book datasets.

Amazon-book datasets in Figure 9. It demonstrates that global information plays a crucial role in
performance. When _3 is small, the supplementation of local information is insufficient. When _3
is large, introducing excessive global information tends to introduce noise information and thus
disrupt node representation learning. These situations can lead to a decrease in performance.

4.5.3 Effect of the SSM Loss. The SSM loss [42] achieves a good performance in recommendation.
To further validate the effectiveness of our framework, we compare the performance of the GCN-
based model trained with SSM loss on the four datasets, as shown in Table 5. It can be observed
that SSM loss significantly improves the performance of the GCN-based model, demonstrating
the importance of the self-supervised learning paradigm in recommendation. Furthermore, our
approach still outperforms SSM significantly. This indicates that our method more effectively
captures users’ interests by modeling the relationships among users and items. We do not use the
SSM loss on UltraGCN, as UltraGCN has been designed with a specialized loss function tailored to
its unique architecture and requirements; thus, there is no comparison with it. It should be noted
that in both the “-SSM” and “-PGTR” methods, the temperature coefficient has been searched with
the same granularity. Ultimately, the same setting has been applied to ensure a fair and comparable
evaluation.

4.6 Computational Efficiency: GPU Utilization and Algorithm Runtime
In the analysis of computational efficiency, as depicted in Tables 6 and 7, the proposed method PGTR
demonstrates a tradeoff between computational resources and performance. In this experiment,
all methods are trained on an NVIDIA A40 (48 GB) GPU and an Intel Xeon Gold 6326 CPU @
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Table 5. Effect of the SSM Loss on the Four Datasets

Data Amazon-Elec Douban-Book LastFM Amazon-Book

Model Recall NDCG Recall NDCG Recall NDCG Recall NDCG

NGCF 0.0684 0.0921 0.0735 0.1164 0.0263 0.0654 0.0141 0.0286

NGCF-SSM 0.0758 0.1035 0.0735 0.1357 0.0587 0.1311 0.0260 0.0469

NGCF-PGTR 0.0802 0.1084 0.0909 0.1558 0.0616 0.1394 0.0274 0.0506

GCCF 0.0358 0.0525 0.0570 0.1114 0.0325 0.0840 0.0179 0.0364

GCCF-SSM 0.0732 0.1030 0.0844 0.1557 0.0447 0.0998 0.0254 0.0457

GCCF-PGTR 0.0789 0.1075 0.0889 0.1584 0.0579 0.1258 0.0264 0.0476

LightGCN 0.0330 0.0485 0.0677 0.1278 0.0535 0.1215 0.0250 0.0472

LightGCN-SSM 0.0613 0.0862 0.0788 0.1465 0.0582 0.1293 0.0273 0.0489

LightGCN-PGTR 0.0811 0.1103 0.0899 0.1536 0.0610 0.1360 0.0290 0.0521

Recall and NDCG scores are reported at a cutoff of 20.

Table 6. Computational Efficiency of PGTR on the LastFM Dataset

LastFM NGCF LightGCN NGCF-PGTR LightGCN-PGTR

GPU Utilization 2,398 MB 2,238 MB 2,692 MB 2,552 MB

Training Cost (per epoch) 11.5 s 11 s 44 s 44 s

Training Epochs 262 256 48 76

Overall Training Cost 50.2 min 46.9 min 35.2 min 55.7 min

Recall@20 0.0263 0.0535 0.0616 0.0610

2.90 GHz. The training process is terminated if the performance did not improve for 20 consecutive
epochs, and the total training time is recorded. When compared to the baseline model LightGCN,
LightGCN-PGTR exhibits a moderate increase in GPU utilization, with 2,552 MB and 2,972 MB
on the LastFM and Amazon-book datasets, respectively. This is expected due to the additional PE
modules and the Transformer module’s complexity. However, the single-round training time for
LightGCN-PGTR (NGCF-PGTR) is approximately 5× that of LightGCN (NGCF-PGTR), which is
attributed to the more complex model architecture and the computational overhead of capturing
long-range dependencies. Despite this, the overall training duration of Light-PGTR is only 1.2× and
2.9× longer on the LastFM and Amazon-book datasets, respectively, when compared to LightGCN.
Specifically, NGCF-PGTR even has a shorter overall training time than NGCF on the LastFM
dataset. This indicates that while PGTR requires more computational resources and time per epoch,
it converges faster, requiring fewer epochs to achieve greater performance. This efficiency in terms
of epochs is crucial for large-scale recommendation tasks where the volume of data is extensive, and
the model must generalize well from limited training data. Overall, the increased resource usage
of PGTR is justified by its improved ability to capture long-range collaborative signals, leading to
enhanced recommendation accuracy and robustness against sparsity and noise.
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Table 7. Computational Efficiency of PGTR on the Amazon-Book Dataset

Amazon-Book NGCF LightGCN NGCF-PGTR LightGCN-PGTR

GPU Utilization 2,676 MB 2,376 MB 3,188 MB 2,972 MB

Training Cost (per epoch) 13 s 11.5 s 59 s 67 s

Training Epochs 118 254 81 128

Overall Training Cost 25.6 min 48.7 min 79.7 min 142.9 min

Recall@20 0.0141 0.0250 0.0274 0.0290

5 Related Work
In this section, we review related works that include graph-based recommendation and PEs of GT.

5.1 Graph-based Recommendation
Graph-based recommendation approaches have gained attention for effectively capturing complex
relationships among users and items, making them suitable for personalized recommendations
[7, 8, 44]. These methods leverage the inherent structure and connectivity of data to enhance
recommendation performance. Various algorithms like NGCF [39], LightGCN [15], UltraGCN [27],
and so on exploit the graph’s information for recommendation tasks. NGCF [39] utilizes graph
convolutional networks to capture the complex patterns in user-item interactions. It propagates
user and item embeddings through the graph to refine their representations, which are then used for
making recommendations. LightGCN [15] is a simplified version of GCN designed specifically for
recommendation tasks. It removes complex operations such as feature transformation and nonlinear
activation, focusing solely on the essential component of neighborhood aggregation.This results in a
model that is not only easier to train but also achieves significant improvements in recommendation
performance over more complex models like NGCF. UltraGCN [27] is another advancement in
graph-based recommendations. It introduces an ultra-high-order proximity preserving scheme
that captures long-range dependencies in the user-item graph. This allows the model to better
understand the intricate connections between users and items, leading to enhanced recommendation
accuracy. However, these methods are constrained by local information and lack direct and explicit
modeling of long-range collaborative signals, which can lead to performance loss. Recently, there
have been several studies aiming to encode global information into local representations based
on contrastive learning [3, 46, 49]. By this way, nodes can obtain long-range collaborative signals.
For example, EGLN [49] proposes a local-global consistency optimization function to capture the
global properties learned from the augmented interaction graph, which is obtained by calculating
the similarities between users and items, retaining several largest similarities [52]. This approach
allows the model to better understand the overall structure of the user-item interactions, leading to
improved recommendations even for users and items with sparse interaction histories. LightGCL
[3] utilizes the principle components of the interaction graph to distill important collaborative
signals from the global perspective and then refines node representations by local-global contrastive
learning. This method is particularly effective in scenarios where the interaction graph is dense and
high-dimensional, as it can capture the underlying patterns that are not immediately apparent from
local connections alone. However, these methods heavily rely on the way of constructing global
collaborative relations and may lose some important signals. The construction of the augmented
interaction graph in EGLN [49], for instance, depends on the selection of top similarities, which
can be sensitive to the choice of threshold and may exclude some valuable interactions. Similarly,
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LightGCL [3] depends on the accurate identification of principal components, which may not
always capture the most relevant aspects of the global structure, especially in cases where the
interaction graph is noisy or incomplete.

Additionally, auxiliary information such as item attributes, user demographics, and knowledge
graph is incorporated into the graph representation to capture diverse preferences and improve
recommendation accuracy [4, 25, 38]. Recently, self-supervised graph-based methods have been
widely explored and utilized in the field of recommendation systems [26, 41, 46, 48, 51]. They
facilitate the discovery of meaningful structures and embeddings within the graph, leading to
improved recommendations.

The GT has gained popularity in multimedia recommendation [40], multi-behavior recommenda-
tion [45], and sequential recommendation [13]. However, its exploration in the field of collaborative
filtering remains limited. GFormer [23] and SHT [47] utilize the GT for global relations model-
ing. However, the modeling is not adequate. In this work, we explore using the GT to capture
collaborative relationships between all pairs of nodes, which is different from them.

5.2 PE of GT
PE is a critical technique in GT that embeds positional information into the model, allowing it to
understand the relative positions of nodes within a graph. This is essential because the transformer
architecture, which GTs are based on, does not inherently account for order or position. Various
forms of PE have been explored to enhance the performance of GTs in recommendation systems.

Laplacian PE is one such method that uses the graph’s Laplacian matrix to capture the structural
properties of the graph [12, 22]. This encoding helps in understanding the role of each node within
the graph’s structure, providing a sense of the node’s “position” in terms of its connectivity to
other nodes. Shortest-path-distance encoding is another approach that considers the shortest path
distances between nodes as a measure of their relative positions [24]. This is particularly useful
in recommendation systems where the goal is to recommend items that are “close” to the user’s
current preferences, even if they are not directly connected. Centrality-based encoding leverages the
concept of node centrality, which measures the importance or influence of a node within the graph
[50]. Nodes with high centrality are likely to be more influential in shaping the recommendations, as
they are more connected to other nodes. In the context of collaborative filtering, PE can help in dis-
tinguishing between nodes that have similar interaction patterns but different positions within the
graph. For example, two users may have similar preferences, but their positions in the social graph
or their influence within the community might differ, affecting the recommendations they receive.

To the best of our knowledge, there has been limited work on utilizing PE in collaborative
filtering scenarios. GFormer [23], in particular, only uses the distance between the target node and
sampled anchor nodes to preserve global topological structure information. We argue that this is
insufficient. Exploring how to effectively encode positional information in collaborative filtering is
a new question. In this article, we design several simple yet effective PEs tailored for the user-item
interaction graph in collaborative recommendation.

In summary, PE in GTs for recommendation systems is an evolving field with promising po-
tential. By providing explicit positional information, these encodings help models capture the
intricate spatial dependencies within user-item graphs, leading to more personalized and accurate
recommendations.

6 Conclusion and Future Work
In this article, our focus is incorporating the GT into collaborative recommendation to address an
important problem existing in the GCN-based methods: capturing long-range collaborative signals.
To this end, we propose the PGTR frameworkwhich can be applied to various GCN-based backbones.
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The key contribution of this study lies in the design of node PEs tailored for the interaction graph in
collaborative recommendation within PGTR for learning relationships between nodes. We conduct
experiments on multiple datasets, demonstrating the effectiveness of our approach.

In the future, we will design more effective PEs for different interaction graphs, exploring how
to capture graph structural information and a variety of node relationships. Furthermore, we will
explore the application of GT in various recommendation scenarios, addressing issues of data
sparsity and node dependency in recommendations.
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