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Abstract

Generative recommendation is an emerging paradigm that has

shown promise in industrial recommendation systems, aiming to

predict users’ next interactions from their historical behaviors.

At the core of generative recommendation lies item tokenization,

which bridges item semantics and recommendation models. How-

ever, existing methods often struggle to effectively organize and
inject complex user-behavioral and item-semantic contexts into

recommendation models simultaneously. On the one hand, exist-

ing graph-based integration methods, such as graph serialization

and graph neural networks, either suffer from scalability issues or

exploit only local graph information. On the other hand, existing

semantic tokenization methods typically rely on heuristics and

lack explicit supervision signals, which may lead to inaccurate or

suboptimal semantic representations. To address these limitations

in user interest context modeling, we propose G2Rec, a scalable

framework that unifies holistic graph-based user co-engagement

modeling with semantic tokenization for industrial-scale genera-

tive recommendation. First, we construct a sparsified item-item
co-engagement graph with O(𝑀 log𝑀) edges as the item schema,

where 𝑀 denotes the total number of interactions. Second, we

design a scalable “soft” clustering algorithm with time complexity

O(𝜌𝑀 log𝑀) per iteration to extract distributed interest prototypes
from the constructed graph, where 𝜌 is a small constant represent-

ing the sparsity of the soft cluster membership distribution rather

than a hard one-to-one assignment. Third, based on the interest
prototypes and item interest profiles extracted by soft clustering, we

tokenize these profiles together with users’ interested items to train
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a generative sequential recommendation model. Overall, G2Rec en-

ables recommendation models to capture holistic and semantically

grounded user interest prototypes without requiring ground-truth

user interests, thereby providing more comprehensive and accu-

rate modeling of user behavior contexts in industrial sequential

recommendation. Online deployment across product surfaces and

extensive experiments on public datasets demonstrate the superi-

ority of G2Rec over existing methods. Proofs of theoretical results

can be found at https://arxiv.org/abs/2606.20554.
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1 Introduction

Generative recommendation (GR) [7, 9, 10, 15, 70] has emerged

as a promising paradigm in the field of industrial recommender

systems. By leveraging the autoregressive nature of user behavior,

GR aims to predict the next interactions of users based on their

historical contexts using large language model (LLM) architectures,

thereby providing users with a more personalized and responsive

experience. This approach has shown considerable potential in

various scenarios, including e-commerce, online advertising, and

content streaming, where understanding the sequential nature of

user behavior is crucial for delivering relevant recommendations. By

modeling the temporal dependencies between user interactions, GR

seeks to capture the underlying preferences and interests that drive

https://creativecommons.org/licenses/by/4.0
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user behavior, ultimately leading to more accurate and effective

recommendations.

At the core of GR is item tokenization to bridge item semantics

and the GR model. However, existing GR methods often struggle to

effectively incorporate complex user-behavioral and item-semantic

contexts simultaneously into the recommendation model. On the

one hand, while there exist graph integration methods to leverage

the relational information from user-item relational graphs, they

suffer from scalability issues or only utilize local graph information.

For instance, graph serialization methods transform the graph into

a sequence, but the long serialization can incur expensive computa-

tion of LLMs. Graph neural networks (GNNs), on the other hand,

typically perceive only a small subgraph for each user, but they can-

not fully exploit the holistic graph information. These limitations

hinder the effectiveness of graph-based methods in industry-scale

generative sequential recommendation. Another parallel line of

work is semantic tokenization, which aims to represent each item

as a few semantic tokens. However, they typically rely on heuristic

learning objectives and lack supervision signals for semantic tokens.

Consequently, these methods may not be guaranteed to learn accu-

rate semantic representations, leading to suboptimal performance

in recommendation tasks.

To address these critical limitations in this complex context

modeling, we propose Sparse Co-Engagement Graph Schema for
Generative Recommendation (G2Rec), a novel method that bridges

holistic graph-based co-engagement modeling and semantic tok-

enization in industry-scale generative sequential recommendation.

Systematically, our method G2Rec first constructs an item-item co-

engagement graph, capturing the complex relationships between

user behavior and items with empirical efficiency and theoretical

accuracy. We then design a “soft” clustering algorithm in G2Rec to

obtain item interest prototypes from the constructed graph, where

each cluster represents an interest prototype, and each item serving

as a node has the soft cluster membership distribution over clus-

ters (but not a hard-assigned one-to-one exclusive membership).

Finally, based on the item interest profiles extracted from the soft

clustering, G2Rec tokenizes the item semantics along with the orig-

inal user engagement sequence to train the generative sequential

recommendation models.

Our proposedmethod G2Rec offers several advantages over exist-

ing methods. Firstly, it provides a more comprehensive and accurate

modeling of user behavior by incorporating both graph-based co-

engagement contexts and semantic item representations. Secondly,

our method is highly scalable, allowing for efficient processing of

large-scale graphs and user sequences. Finally, the use of clustering

algorithms ensures that the learned semantic tokens are accurate

and meaningful, without relying on explicit labels or heuristics.

We conduct extensive experiments on public datasets and online

deployment on product surfaces to evaluate the performance of

G2Rec. The results demonstrate the superiority of our method over

many existing generative recommendation methods, highlighting

its potential for real-world applications in industry-scale generative

recommendation.

Main contributions. We summarize the main contributions of

this work as follows.

• Sparse graph schema as co-engagement contexts.We

propose a sparsified item co-engagement graph as the item

schema.We show that samplingO(𝑀 log𝑀) co-engagements

suffices to approximately preserve structural information

(Theorem 2), where 𝑀 is the total number of interactions.

This is substantially sparser than the original co-engagement

graph of quadratic size O(𝑀2).
• Scalable soft graph clustering. We propose a scalable

soft graph clustering algorithm. It is based on our proposed

differentiable modularity objective function, which can be

computed in nearly linear time O(𝜌𝑀 log𝑀) and can be

accelerated by GPUs, where 𝜌 is a small sparsity constant.

• Clustering-based item interest profiling. We propose (i)

using the clusters of the item-item co-engagement graph as

item interest prototypes and (ii) leveraging the soft cluster

membership of each item as the item interest profile for user

behavioral information beyond item feature similarity.

• Interest profile tokenization for GR. We introduce a

novel representation of user interaction history sequences:

alternating between items and item interest profiles, allow-

ing the generative recommender to effectively learn user

interest transition patterns.

• Strong online performance. Large-scale online A/B tests

on Meta’s product surfaces show the superiority of G2Rec.

2 Preliminaries

2.1 Notations

LetU denote the complete set of users, where each user is repre-

sented as 𝑢 ∈ U. Similarly, let I denote the universe of items, with

𝑖 ∈ I denoting a particular item. Each item 𝑖 ∈ I has an embedding

vector 𝑥𝑖 ∈ R𝑑
, where 𝑑 denotes the embedding dimensionality. Let

𝑋 := [𝑥1, . . . , 𝑥 | I | ]⊤ ∈ R | I |×𝑑
denote the item embedding matrix.

For each user 𝑢 ∈ U, we record the past interactions of the user

𝑢 as a sequence I𝑢 = [𝑖1, . . . , 𝑖𝑁 ] of items, where 𝑁 denotes the

number of items that user 𝑢 has interacted with in the past, and

each 𝑖 𝑗 ∈ I ( 𝑗 = 1, . . . , 𝑁 ) denotes an item that user 𝑢 has inter-

acted with. We call sequence I𝑢 the interaction history of user 𝑢

and assume

⋃
𝑢∈U I𝑢 = I to avoid cold start. Let𝑀 :=

∑
𝑢∈U |I𝑢 |

denote the total number of interactions. These interactions can be

of various forms (such as clicks, views, comments, and purchases),

and they reflect the user behavioral patterns to be learned by the

recommender system.

2.2 Problem Definition

The objective of a generative recommender system is to predict an

item that a user will probably interact with next, from a sequence

of items that the user has interacted with in the past. The task is

formally defined in Problem 1.

Problem 1 (generative seqential recommendation). In-
put: (i) a user 𝑢 ∈ U; (ii) an integer 𝑁 specifying the length of the
interaction history of user𝑢; (iii) a sequence I𝑢 = [𝑖1, . . . , 𝑖𝑁 ] of items
that user 𝑢 has interacted with in the past; (iv) the embedding 𝑥𝑖
of each item 𝑖 ∈ I𝑢 . Output: rank the candidate items I by the
likelihood of each item to be the next interaction of user 𝑢.
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3 Proposed Framework: G2Rec

In this section, we introduce our proposed method Sparse Co-
Engagement Graph Schema for Generative Recommendation (G2Rec).
We describe our graph construction procedure in Section 3.1, our

new scalable soft graph clustering method in Section 3.2, and our

graph-based co-engagement tokenization in Section 3.3. We will

discuss industry-scale deployment in Section 4.

3.1 User Behavior Modeling via a Sparsified

Item Co-Engagement Graph

In this subsection, we describe how we construct a graph to capture

user behavioral patterns. We will use the graph for item interest

profiling in Section 3.2.

In existing graph-based recommendation methods, user behavior

is often modeled using the user-item bipartite graph. In the bipartite

graph, users and items are represented as nodes, and edges connect

users to the items they have interacted with. However, for industry-

scale applications with massive user bases, this can be extremely

computationally expensive, especially when the user has a long

interaction history.

Co-engagement graph. To address this critical limitation, we pro-

pose eliminating user nodes from the constructed graph and model

user behavior using an item-item graph instead. By eliminating

users from the graph, we can focus on the more static item rela-

tionships, reducing the need for frequent updates. In this work, we

propose the item-item co-engagement graph as a natural definition

of the item-item graph. The two items 𝑖, 𝑗 ∈ I are said to be co-
engaged if there exists a user 𝑢 ∈ U such that 𝑢 has interacted with

both items 𝑖 and 𝑗 (i.e., 𝑖 ∈ I𝑢 and 𝑗 ∈ I𝑢 ); the user 𝑢 here is not

necessarily unique. The co-engagement graph captures the patterns

of items being interacted with together, allowing us to model user

behavior without explicitly representing users.

Formally, in the item-item co-engagement graph G∗ = (I, E∗),
itemsI serve as nodes ofG∗

, and co-engagements E∗
serve as edges

of G∗
. Let E∗ ⊆ I ×I denote the set of item-item co-engagements:

E∗
:=

⋃
𝑢∈U

I𝑢 × I𝑢 = {(𝑖, 𝑗) : ∃𝑢 ∈ U s.t. 𝑖 ∈ I𝑢 , 𝑗 ∈ I𝑢 }, (1)

where × denotes the Cartesian product between sets. The item-item

co-engagement graph G∗
provides a powerful tool for modeling

user behavior patterns beyond item feature similarity. For example,

consider two items: a smartphone and a phone case.While theymay

not be similar in terms of their features, they are often co-engaged

by users who purchase a new phone and then look for accessories

to go with it. The co-engagement graph can capture such patterns,

providing insightful information that complements item feature

information.

From a theoretical perspective, the interaction history sequence

of each user can be represented as a path on the item-item co-

engagement graph, as formally stated in Observation 1. Hence,

edges on the item-item co-engagement graph encode the user in-

terest transition behaviors.

Observation 1 (expressiveness). For any user 𝑢 ∈ U, their
interaction history sequence I𝑢 = [𝑖1, . . . , 𝑖𝑁 ] is a path on the co-
engagement graph G∗ = (I, E∗). That is, (𝑖𝑡 , 𝑖𝑡+1) ∈ E∗ for all
𝑡 = 1, . . . , 𝑁 − 1. □

Graph sparsification. Nonetheless, since |E∗ | can be as large as

O(𝑀2), using the original graph G∗
would be computationally pro-

hibitive in industrial scenarios. To ensure scalability, we propose

a theoretically grounded approach to sparsifying the graph. Our

goal is to approximately preserve the graph Laplacian, which en-

codes essential structural information of the graph [36]. Formally,

given𝑚 ≪ 𝑁 2
, we define the sparsified co-engagement graph as

G := (I, E) where we sample only𝑚 co-engagements to include

in E for each user:

E :=
⋃
𝑢∈U

sample(I𝑢 × I𝑢 , 𝑚), (2)

where sample( · , 𝑚) denotes sampling to size𝑚 with replacement.

We will use the sparsified graph G for item interest profiling in

Section 3.2.

As implied by the following Theorem 2, we theoretically show

that |E | = O(𝑀 log𝑀) suffices to preserve the graph Laplacian,

which is nearly linear w.r.t. the total number 𝑀 of interactions.

Notably, this is substantially sparser than |E∗ | = O(𝑀2).

Theorem 2 (nearly linear complexity). Suppose that every
user has 𝑁 interactions. Let 𝐿E∗ be the Laplacian of E∗, and let 𝐿E
be the Laplacian of E with edge weights 𝑁 (𝑁−1)

2𝑚
to match the total

edge weights of 𝐿∗. Given any 0 < 𝛿 < 1 and 𝜖 > 0, if we use

𝑚 :=

⌈
2𝑁

(
1

3𝜖
+ 1

𝜖2

)
log

2|I |
𝛿

⌉
,

then |E | ≤ O(𝑀 log𝑀), and with probability at least 1 − 𝛿 ,

(1 − 𝜖)𝐿E∗ ⪯ 𝐿E ⪯ (1 + 𝜖)𝐿E∗ ,

where ⪯ denotes the Loewner order.

3.2 Item Interest Profiling via Soft Graph

Clustering

In this subsection, we elaborate on how we leverage the item-item

co-engagement graph to compute item interest profiles.

A key challenge in processing the co-engagement graph G is

that some co-engagement relationships can be random. To address

this challenge, we propose to employ graph clustering to extract

meaningful co-engagements. The intuition is that if a group of

items is frequently co-engaged with each other (i.e., they belong

to the same cluster in the graph), their co-engagements are more

likely to be meaningful. Hence, we propose to use the clusters of the

co-engagement graph G, which should provide reliable information

for the recommendation model to learn. We call these clusters item

interest prototypes, which can be interpreted as the underlying

interest categories. Furthermore, as shown in Observation 1, the

co-engagement graph encodes user interest transition behaviors.

Therefore, by treating each cluster as an item interest prototype,

we can help the recommendation model to gain insights into the

underlying interest transitions that drive user behavior.

However, since existing graph clustering algorithms (e.g., Lou-

vain [3], Leiden [50]) typically assume each node belongs to only

one cluster, they are unsuitable for capturing complex interests

where each item can correspond to multiple interest prototypes

simultaneously. For instance, a short-form video of an avocado

toast recipe may attract both users interested in “healthy eating”

and those interested in “morning routines”. To bridge this gap, we
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propose to employ soft graph clustering instead, which allows for

continuous cluster memberships and differentiable optimization.

Nevertheless, existing soft graph clustering methods (e.g., [66])

are typically not sufficiently scalable for industrial use cases. To

enable scalable soft graph clustering, we propose a differentiable

objective for soft graph clustering that generalizes the classic notion

of graph modularity [34], which allows end-to-end gradient-based

optimization and can thus be solved efficiently on GPUs.

For each item 𝑖 ∈ I, we aim to find a membership distribution

𝑝𝑖 ∈ R𝐶
, where 𝐶 denotes the number of interest prototypes,

and 𝑝𝑖,𝑎 represents the probability that item 𝑖 belongs to interest

prototype 𝑎 ∈ {1, . . . ,𝐶}. We call 𝑝𝑖 the item interest profile

of item 𝑖 . To ensure

∑𝐶
𝑎=1 𝑝𝑖,𝑎 = 1, we use parameterization 𝑝𝑖 :=

softmax(𝑧𝑖 ), where logits 𝑧𝑖 ∈ R𝐶
are the variables to be optimized.

We initialize and sparsify the variables using the Leiden algorithm

[50]. Collectively, 𝑝1, . . . , 𝑝 | I | form a soft membership matrix 𝑃 :=

[𝑝1, . . . , 𝑝 | I | ]T ∈ R | I |×𝐶
.

Next, we introduce our differentiable objective for soft graph

clustering. Let 𝐴 ∈ {0, 1} | I |× |I |
denote the adjacency matrix of

the co-engagement graph G, and let 𝑘 ∈ N | I |
denote the degree

vector (i.e., 𝑘𝑖 :=
∑

𝑗 𝐴𝑖, 𝑗 is the degree of each item 𝑖 ∈ I). Recall
that given a hard (cluster) membership ℎ ∈ {1, . . . ,𝐶} | I |

(i.e., ℎ𝑖
is the interest prototype that item 𝑖 belongs to), the classic graph

modularity 𝑄hard [34] is defined as

𝑄hard (ℎ) :=
1

|E |
∑︁
𝑖, 𝑗∈I

(
𝐴𝑖, 𝑗 − 𝛾

𝑘𝑖𝑘 𝑗

|E |

)
1[ℎ𝑖=ℎ 𝑗 ] , (3)

where

𝑘𝑖𝑘 𝑗

| E | is the expected number of edges between 𝑖, 𝑗 in a random

graph under the Newman–Girvan null model theory [35], and𝛾 > 0

denotes the clustering resolution. Here, we adopt the duplicate

representation of the undirected graph G, i.e., (𝑖, 𝑗) and ( 𝑗, 𝑖) are
both in E.

However, we cannot directly use𝑄hard to optimize a soft member-

ship 𝑃 because 1[ℎ𝑖=ℎ 𝑗 ] is not a differentiable operation. To address

the non-differentiability, we propose to maximize the expected

modularity under distribution 𝑃 as a differentiable objective, which

we show admits a simple closed form.

Proposition 3 (closed form). The expected modularity is

𝑄soft (𝑃) := E
ℎ∼𝑃

[𝑄hard (ℎ)] =
(
1

|E |
∑︁

(𝑖, 𝑗 ) ∈E
𝑝⊤𝑖 𝑝 𝑗

)
− 𝛾

∥𝑃⊤𝑘 ∥2
2

|E |2 . (4)

We call this objective 𝑄soft the soft modularity. It can be com-

puted efficiently on GPUs when E and 𝑃 are sparse, as shown in

Proposition 4.

Proposition 4 (nearly linear complexity). If each row of 𝑃
has ≤ 𝜌 nonzero entries, then 𝑄soft (𝑃) can be computed in time

O(𝜌 |E |) = O(𝜌𝑀 log𝑀). (5)

The soft modularity objective𝑄soft can be interpreted as follows.

The inner product 𝑝⊤𝑖 𝑝 𝑗 =
∑𝐶

𝑎=1 𝑝𝑖,𝑎𝑝 𝑗,𝑎 represents the probability

that items 𝑖 and 𝑗 belong to the same interest prototype under

the soft membership distribution 𝑃 , serving as a continuous ana-

log to the term 1[ℎ𝑖=ℎ 𝑗 ] in hard modularity. The intuition behind

𝑄soft is to encourage high co-membership probabilities 𝑝⊤𝑖 𝑝 𝑗 for

item pairs (𝑖, 𝑗) that are heavily co-engaged, while penalizing over-

membership to item pairs that are not expected to be connected

according to the Newman–Girvan null model theory [35]. Further-

more, unlike the original modularity 𝑄hard, our proposed 𝑄soft is

fully differentiable w.r.t. 𝑃 , making it suitable as an objective func-

tion for optimizing the item interest profiles 𝑃 .

3.3 Interest Profile Tokenization for Generative

Sequential Recommendation

In this subsection, we describe how to incorporate item interest

profiles into generative sequential recommendation.

Interest profile tokenization. As soft item interest profiles are

continuous, we use continuous tokens to represent interest pro-

files. Before introducing our interest profile tokenization, we first

introduce the tokenization of item interest prototypes. For each

interest prototype 𝑎 ∈ {1, . . . ,𝐶}, we define the interest prototype
embedding 𝑣𝑎 ∈ R𝑑

of 𝑎 as the weighted average of the embeddings

of the items of interest prototype 𝑎:

𝑣𝑎 :=

∑
𝑖∈I 𝑝𝑖,𝑎𝑥𝑖∑
𝑖∈I 𝑝𝑖,𝑎

, 𝑎 ∈ {1, . . . ,𝐶}. (6)

Let 𝑉 := [𝑣1, . . . , 𝑣𝐶 ]⊤ ∈ R𝐶×𝑑
denote the interest prototype em-

bedding matrix. Then, Equation (6) can be rewritten into the matrix

form as 𝑉 = 𝑃⊤𝑋
𝑃⊤1 and can be computed efficiently as 𝑃 is sparse.

Next, we define the interest profile token 𝑦𝑖 of each item 𝑖 ∈ I as

the weighted average of embeddings 𝑣𝑎 of prototypes 𝑎 of item 𝑖:

𝑦𝑖 :=

𝐶∑︁
𝑎=1

𝑝𝑖,𝑎𝑣𝑎, 𝑖 ∈ I . (7)

Let 𝑌 := [𝑦1, . . . , 𝑦 | I | ]⊤ ∈ R | I |×𝑑
denote the interest profile token

matrix. Then, Equation (7) can be rewritten into the matrix form as

𝑌 = 𝑃𝑉 , which can be computed efficiently as 𝑃 is sparse.

Sequence formulation. Our key idea is to design a new sequence

format that takes item interest profiles into account. Specifically,

given the interaction history sequence I𝑢 = [𝑖1, . . . , 𝑖𝑁 ] of a user
𝑢 ∈ U, we define a user interest transition sequence as follows:

R𝑢 := [⟨BOS⟩, 𝑥𝑖1 , 𝑦𝑖1 , . . . , 𝑥𝑖𝑁 , 𝑦𝑖𝑁 ], (8)

where ⟨BOS⟩ denotes a beginning sequence. Here, 𝑦𝑖1 , . . . , 𝑦𝑖𝑁 can

be interpreted as the graph-based semantic tokenization of the

items 𝑖1, . . . , 𝑖𝑁 , respectively.

Training objectives. Let 𝐹 denote the generative sequential recom-

mender that autoregressively predicts the next-token distribution.

Our goal here is to predict the next item 𝑖𝑡+1 ∈ I that user 𝑢 will

interact with next, given the user interaction history sequence

[𝑖1, . . . , 𝑖𝑡 ] (𝑡 = 1, 2, . . .). Hence, for each 𝑡 = 1, . . . , 𝑁 − 1, we use

the cross entropy loss w.r.t. to train the generative recommender 𝐹 :

L𝑡
item

:= − log 𝐹 (𝑖𝑡+1 | ⟨BOS⟩, 𝑥𝑖1 , 𝑦𝑖1 , . . . , 𝑥𝑖𝑡 , 𝑦𝑖𝑡 ) (9)

= − log 𝐹 (𝑖𝑡+1 | (R𝑢 )≤2𝑡+1) . (10)

Furthermore, to help the recommender understand user interest

transition behaviors, we also train the recommender to predict the

interest of each interaction. Since the ground-truth user interests

are not available, we instead propose using the item interest profile
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Table 1: Statistics of public datasets.

Dataset #Users #Items #Interacts Sparsity

Beauty 22,363 12,101 198,502 99.93%

Sports 25,598 18,357 296,337 99.95%

Toys 19,412 11,924 167,597 99.93%

Yelp 30,431 20,033 316,354 99.95%

as the soft label in the cross entropy loss for each 𝑡 = 1, . . . , 𝑁 :

L𝑡
profile

:= −
𝐶∑︁
𝑎=1

𝑝𝑖𝑡 ,𝑎 log 𝐹 (𝑎 | ⟨BOS⟩, 𝑥𝑖1 , 𝑦𝑖1 , . . . , 𝑥𝑖𝑡 ) (11)

= −
𝐶∑︁
𝑎=1

𝑝𝑖𝑡 ,𝑎 log 𝐹 (𝑎 | (R𝑢 )≤2𝑡 ). (12)

Together, we train the recommender 𝐹 using a weighted combina-

tion of the two losses simultaneously:

L𝑡
:= L𝑡

item
+ 𝜆L𝑡

profile
, (13)

where 𝜆 > 0 is a hyperparameter to control the weight of L𝑡
profile

.

4 Industrial Deployment

We have successfully productionized our G2Rec on multiple prod-

uct surfaces at Meta. Considering the huge user base (billions of

monthly active users [17]) of Meta products (e.g., Instagram Reels),

a main challenge in deployment lies in scalability and real-time

efficiency. To ensure the timeliness of item interest profiles, we have

implemented an in-house high performance graph processing en-

gine that can efficiently execute the graph clustering algorithm [3]

in a distributed environment.We run the graph clustering algorithm

periodically offline, so the execution time of the graph clustering

algorithm has no impact on the response time to users.

5 Experiments

We conduct extensive experiments on both public datasets and our

product surfaces to answer the following research questions:

RQ1: How does the proposed G2Rec compare with state-of-the-art

recommendation methods offline?

RQ2: How does the proposed G2Rec perform on Meta’s product

surfaces online?

RQ3: How does the proposed G2Rec influence the efficiency in

training and inference, respectively?

RQ4: How do the proposed soft graph clustering and item interest

profiling influence recommendation quality?

5.1 Experimental Settings

In this subsection, we describe the experimental settings in our

offline empirical evaluation on public datasets.

Public datasets. To evaluate our proposed G2Rec, we conduct

experiments on four widely-used public real-world datasets: Beauty,

Sports, Toys, and Yelp. Beauty, Sports, and Toys are sub-categories

from the Amazon review data collection [33], which is collected

from Amazon, a popular online shopping platform. Yelp is another

popular online platform that provides crowd-sourced reviews about

businesses, and the Yelp dataset [1] is collected from Yelp. In our

experiments, we use Yelp data from January 1st, 2019 onwards. The

dataset statistics are summarized in Table 1. We can see that all of

these datasets are highly sparse, which ensures that these datasets

are sufficiently challenging for evaluating the performance under

the sequential recommendation setting.

Baseline methods. To comprehensively benchmark the perfor-

mance of our proposed G2Rec, we compare our G2Rec with six

strong baseline methods, including classic methods, sequential /

tokenization-based methods, and graph-based methods. We briefly

describe the baseline methods as follows. (i) Classic methods: POP

is a heuristic method that ranks items based on their popularity,

which is known to be a strong baseline in recommendation (e.g.,

[64]). Matrix factorizationMF [20] is the most classic recommen-

dation method; we use the Bayesian Personalized Ranking (BPR)

loss [45] here. (ii) Sequential methods: GRU4Rec [14] utilizes the

GRU recurrent neural network [6] for modeling sequences and sub-

sequently makes recommendation predictions. SASRec [19] uses

multi-head self-attention [52] to handle intricate sequential data.

BERT4Rec [48] uses the cloze objective function from BERT [8] to

enable self-supervised learning instead of autoregressively predict-

ing only the next item. Caser [49] combines both horizontal and

vertical convolution operations to more effectively capture complex

interactions within user interaction history sequences. EAGER [57]

is a two-stream generative recommender with behavior-semantic

collaboration. (iii) Graph-basedmethods. LightGCN [12] is a strong

graph convolutional network for collaborative filtering. HeLLM

[11] uses hypergraphs to enhance LLM-based recommenders.

Evaluation protocol & metrics. For sequential recommendation

evaluation, we sort user interactions by their timestamps in ascend-

ing order to form user interaction history sequences. To ensure a

reliable evaluation, we employ a 5-core setting to exclude itemswith

fewer than 5 interactions, following previous works (e.g., [46, 48]).

Following previous works (e.g., [19, 44], we adopt the leave-one-

out approach to split the dataset. Specifically, for the interaction

history sequence of each user, we used the last item as the test

data, the second-to-last item as the validation data, and the rest of

the sequence as the training data. To evaluate the ranking capa-

bility of our proposed G2Rec, we form the test set as follows: for

each user, we use the last item they interacted with as the positive

item and randomly sample 99 items from the remaining items as

negative items. We use Recall@1, Recall@5, Recall@10, NDCG@5,

NDCG@10, and the mean reciprocal rank (MRR) as metrics.

Implementation details.We use Llama 2 13B as the recommender

model backbone and finetune it for 3 epochs using low-rank adapters

(LoRA) with 16 ranks and rank dropout rate 0.05. We initialize the

model parameters using the Xavier initialization and optimize the

model parameters using the Adam optimizer with initial learning

rate 0.0003 and the cosine learning rate schedule with 100 warmup

steps. We use SASRec embeddings with 𝑑 = 64 as item embeddings

and limit the maximum sequence length to 50 for all methods on

all datasets to avoid out-of-memory errors and to ensure a fair

comparison. To control the number of interest prototypes, we use

𝛾 = 0.8 for Beauty and Toys and 𝛾 = 1 for Sports and Yelp. For

baseline methods, we use the open-source code released by their

authors and adapt the code to our experimental settings.



RecSys ’26, September 27-October 02, 2026, Minneapolis, MN, USA Qiu et al.

Table 2: Comparison with baseline methods on public datasets (best marked in bold). Our proposed G2Rec consistently

outperforms all baseline methods on all four datasets.

Method Type→ Classic Sequential / Tokenization-Based Graph-Based

Dataset↓ Metric↓ POP MF GRU4Rec SASRec BERT4Rec Caser EAGER LightGCN HeLLM G2Rec (Ours)

Beauty

Recall@1 0.0678 0.0405 0.1870 0.1531 0.1337 0.1337 0.1213 0.1435 0.1690 0.2067

Recall@5 0.2105 0.1461 0.3741 0.3640 0.3032 0.3125 0.2678 0.3081 0.2802 0.3917

Recall@10 0.3386 0.2311 0.4696 0.4739 0.3942 0.4106 0.3663 0.4042 0.3413 0.4892

NDCG@5 0.1391 0.0934 0.2848 0.2622 0.2219 0.2268 0.1962 0.2286 0.2278 0.3035

NDCG@10 0.1803 0.1207 0.3156 0.2975 0.2512 0.2584 0.2278 0.2596 0.2474 0.3334

MRR 0.1558 0.1096 0.2852 0.2614 0.2263 0.2308 0.2060 0.2340 0.2359 0.3034

Sports

Recall@1 0.0763 0.0489 0.1455 0.1255 0.1135 0.1160 0.0417 0.1226 0.1021 0.1750

Recall@5 0.2293 0.1603 0.3466 0.3375 0.2866 0.3055 0.1398 0.2841 0.2214 0.3903

Recall@10 0.3423 0.2491 0.4622 0.4722 0.4014 0.4299 0.2232 0.3855 0.2946 0.5093

NDCG@5 0.1538 0.1048 0.2497 0.2341 0.2020 0.2126 0.0906 0.2056 0.1641 0.2869

NDCG@10 0.1902 0.1334 0.2869 0.2775 0.2390 0.2527 0.1174 0.2383 0.1875 0.3254

MRR 0.1660 0.1202 0.2520 0.2378 0.2100 0.2191 0.1078 0.2133 0.1750 0.2867

Toys

Recall@1 0.0585 0.0257 0.1878 0.1262 0.1114 0.0997 0.1201 0.1310 0.1507 0.2006

Recall@5 0.1977 0.0978 0.3682 0.3344 0.2614 0.2795 0.2717 0.2799 0.2717 0.3779

Recall@10 0.3008 0.1715 0.4663 0.4493 0.3540 0.3896 0.3777 0.3721 0.3375 0.4691

NDCG@5 0.1286 0.0614 0.2820 0.2327 0.1885 0.1919 0.1977 0.2078 0.2147 0.2931

NDCG@10 0.1618 0.0850 0.3136 0.2698 0.2183 0.2274 0.2319 0.2374 0.2359 0.3225

MRR 0.1430 0.0819 0.2842 0.2338 0.1967 0.1973 0.2075 0.2154 0.2228 0.2942

Yelp

Recall@1 0.0801 0.0624 0.2375 0.2405 0.2188 0.2053 0.0976 0.2696 0.2148 0.2558

Recall@5 0.2415 0.2036 0.5745 0.5976 0.5111 0.5437 0.2903 0.5517 0.4053 0.6105

Recall@10 0.3609 0.3153 0.7373 0.7597 0.6661 0.7265 0.4088 0.6756 0.4909 0.7736

NDCG@5 0.1622 0.1333 0.4113 0.4252 0.3696 0.3784 0.1960 0.4165 0.3160 0.4398

NDCG@10 0.2007 0.1692 0.4642 0.4778 0.4198 0.4375 0.2343 0.4566 0.3436 0.4927

MRR 0.1740 0.1470 0.3927 0.4026 0.3595 0.3630 0.2009 0.4025 0.3142 0.4180

Average Rank→ 8.62 9.75 2.46 2.83 6.35 5.23 7.94 4.50 6.27 1.04

5.2 Offline Testing

To answer RQ1, we compare our proposed G2Rec with baseline

methods to evaluate the recommendation performance. The results

presented in Table 2 and Figure 1 demonstrate the effectiveness of

our proposed method G2Rec in comparison to all six baseline meth-

ods across all four public datasets. Our G2Rec consistently outper-

forms all baseline methods across all six metrics on all four datasets,

achieving the highest recall, NDCG, and MRR. We observe that

the performance gap between our G2Rec and the best-performing

baseline method is significant. For instance, our proposed G2Rec

achieves 14.9% higher NDCG@5 than the best-performing baseline

on the Sports dataset. As these datasets are large-scale datasets with

diverse user behavior patterns, the results suggest that our method

is capable of handling complex user behavior data and can effec-

tively capture the underlying patterns. In terms of average rank,

our G2Rec achieves the top rank across all datasets, indicating its

overall superiority over the baseline methods; in stark contrast, the

average rank of the baseline methods varies across datasets. Overall,

the results demonstrate the effectiveness of our proposed G2Rec in

modeling user behavior patterns and item relationships using the

co-engagement graph. This suggests that our G2Rec can model item

relationships and user behavior patterns using the co-engagement

graph and provides a substantial advantage over existing methods.

Table 3: Training and inference time per batch. Our interest

profile tokens have only negligible impact on training and

inference time.

Method Training Inference

Item-Only 0.763 0.0534

G2Rec (Ours) 0.806 0.0561

Overhead +0.043 +0.0027

5.3 Large-Scale Online Testing

We have productized our proposed G2Rec on multiple product sur-

faces at Meta. While some internal modifications were made to

adapt it for deployment on each product surface, the core method-

ology remains consistent with the proposed framework.

To answer RQ2, we evaluate our proposed G2Rec via both short-

term (7-day) and long-term online A/B testing. (Due to the corporate

policy, we are unable to disclose the detailed settings.) We have

observed consistent improvement in terms of a wide range of top-

line metrics on user engagement, content diversity, and serving

efficiency. In particular, product launches with our holistic interest

modeling lead to > 0.03% in-session improvement and exhibit solid

wins (0.06% to 0.19%) in terms of multiple user engagement metrics
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(d) Yelp.

Figure 1: Our G2Rec consistently outperforms all baselines on all four datasets under various cutoffs.

Table 4: Ablation study on soft graph clustering. Our soft

graph clustering algorithm consistently outperforms hard

graph clustering on all datasets in terms of modularity.

Method Beauty Sports Toys Yelp

Hard (Leiden) 0.419 0.365 0.437 0.691

Soft (Ours) 0.499 0.452 0.550 0.757

such as total time-spent, likes, shares, etc. These results provide

strong evidence that our proposed G2Rec considerably enhances

user experience by accurately capturing user behavioral patterns

and interest prototypes.

5.4 Efficiency Study

In addition to evaluating the effectiveness of our proposed G2Rec,

we also investigate its efficiency as efficiency is important in in-

dustrial scenarios. Table 3 reports the training and inference time

per batch for our method and the item-only baseline on the Beauty

dataset. The results show that incorporating interest profile to-

kens into the model has only a negligible impact on both training

and inference time. Specifically, our method requires only 0.043

seconds more per batch during training and only 0.0027 seconds

more per batch during inference compared to the item-only base-

line. This suggests that our approach can be efficiently integrated

into industrial recommendation systems without incurring signif-

icant computational overhead. This efficiency is due to the fact

that our interest profile tokens are computed offline using the co-

engagement graph, and then simply concatenated with the item

embeddings during training and inference. This design allows us to

leverage the structural information captured by the co-engagement

graph without requiring expensive online computations. Overall,

these results demonstrate that our approach offers a good balance

between effectiveness and efficiency, making it a practical solution

for industrial recommender systems.

5.5 Ablation Studies

To answer RQ4, we conduct ablation studies on our proposed soft

graph clustering and item interest profiling.

Efficacy of soft graph clustering. We conduct an ablation study

to evaluate the efficacy of our soft graph clustering algorithm. We

compare our method with hard graph clustering produced by the

Leiden algorithm [50]. As shown in Table 4, the results demonstrate

that our soft graph clustering algorithm consistently outperforms

hard graph clustering in terms of modularity, a widely-used metric

0.0 0.5 1.0
Weight  of the profile loss

0.287

0.289

0.291

0.293

M
RR

Ablation study on 

Figure 2: Ablation study on the weight 𝜆 of L𝑡
profile

. This con-

firms the efficacy of our proposed interest profiling.

for evaluating the quality of graph clustering. The improvements

are significant across all datasets (for example, 23.8% improvement

in modularity score on the Sports dataset). This suggests that our

soft graph clustering algorithm is able to capture more nuanced

and complex item interest profiles in the co-engagement graph,

which is essential for accurately modeling user interests. These

results validate the design choice of using soft graph clustering

in our proposed G2Rec and highlight its importance in achieving

high-quality item interest profiles.

Efficacy of item interest profiling. To verify the efficacy of our

interest profile loss L𝑡
profile

, we conduct an ablation study to inves-

tigate the impact of L𝑡
profile

on the overall recommendation perfor-

mance of our propsed G2Rec. Specifically, we compare theMRRs un-

der various weights 𝜆 on the Beauty dataset. The results are shown

in Figure 2. As can be seen from the figure, as the weight 𝜆 increases,

the recommendation metric MRR also improves. This demonstrates

the efficacy of our proposed interest profile lossL𝑡
profile

in capturing

the complex relationships between items and enhancing the accu-

racy of recommendations. Notably, when 𝜆 = 0 (which means that

the interest profile loss is not used), the MRR is significantly lower

than when 𝜆 > 0. This suggests that the interest profile loss plays

a crucial role in improving the recommendation performance of

our proposed G2Rec. Overall, our ablation study demonstrates the

importance of the interest profile loss in our proposed G2Rec and

highlights its efficacy in improving the quality of recommendations

in real-world applications.
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6 Related Work

6.1 Generative Recommendation

Generative recommendation formulates recommendation tasks as

sequential generation problems, aiming to predict user preferences

by generating sequences of recommended items rather than simply

ranking predefined candidates [7]. Recent studies have employed

deep generative models, particularly autoregressive language mod-

els, to directly rank candidate items [15], predict user ratings [9],

and retrieve relevant information [70]. P5 [10] conceptualizes rec-

ommendation as a language processing task, integrating various

recommendation scenarios within a unified sequence-to-sequence

framework. This approach effectively leverages multiple sources of

information, facilitating richer and more nuanced user modeling.

However, bridging the gap between natural language processing

and discrete user and item indexing remains challenging. Hua et al.

[16] explored several indexing methods, including sequential index-

ing, collaborative indexing, semantic indexing, and hybrid indexing,

to incorporate indexing mechanisms into generative models. More

recent studies [22, 57, 60, 61] incorporated both semantic and collab-

orative information into index tokenization. Despite demonstrating

promising outcomes, these approaches continue to face difficulties

in fully capturing complex user behavioral patterns and detailed

item semantic information.

6.2 Graphs in Recommendation

Graph-based recommendation approaches leverage the inherent

relational structure among users and items to capture complex con-

nectivity patterns that traditional methods often overlook. Recent

advances in GNNs have propelled significant progress in this area,

allowing models to integrate both structural and feature-based

information into embedding learning. Notably, Graph Convolu-

tional Matrix Completion (GCMC) [51] introduces a graph auto-

encoder framework that facilitates differentiable message passing

over bipartite user-item graphs. Neural Graph Collaborative Fil-

tering (NGCF) [55] explored learning user and item embeddings

by propagating neighbor information in user-item graphs. Light-

GCN [12] then enhanced this idea by adopting linear neighbor

information aggregation. Despite their effectiveness, GNN-based

methods typically perceive only a small subgraph centered around

individual users or items, limiting their capacity to fully exploit

holistic graph information and potentially overlooking valuable

global structural insights. More recently, researchers have begun

integrating LLMs with GNNs to enhance recommendation perfor-

mance by leveraging the relational modeling capabilities of GNNs

and the natural language understanding strengths of LLMs. Existing

approaches generally fall into three categories: graph-augmented

LLM [31, 32, 54], LLM-augmented graph [18, 25, 56], and LLM-graph

collaboration [47, 69].

7 Conclusion & Future Work

In this paper, we introduced G2Rec, a scalable item schema designed

to enhance generative sequential recommendation systems by effec-

tively integrating holistic graph-based co-engagement modeling for

semantic tokenization. Our approach addresses the limitations of

existingmethods, which often struggle with scalability and the accu-

rate incorporation of complex user-behavioral and item-semantic in-

formation. By constructing an item-item co-engagement graph and

employing a soft clustering algorithm, G2Rec derives interest pro-

totypes that transform user interaction history sequences into the

more informative item interest profiles. This transformation allows

the recommendation model to capture comprehensive and semantic

user interest profiles without relying on predefined ground-truth

interests. Our extensive experiments on public datasets, along with

successful online deployment on product surfaces, demonstrate the

superiority of G2Rec over current state-of-the-art methods. The

results highlight that G2Rec have the ability to provide more accu-

rate and holistic modeling of user behavior, ultimately leading to

improved recommendation performance in industrial applications.

G2Rec represents a significant step forward in the field of genera-

tive sequential recommendation, offering a scalable and effective

solution for industry-scale applications. Future work may explore

further enhancements to the framework, such as incorporating ad-

ditional data sources or refining the clustering algorithm to capture

even more nuanced interests.
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