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Abstract
Many commercial platforms provide both search and recommen-
dation (S&R) services to meet different user needs. This creates
an opportunity for joint modeling of S&R. Although many joint
S&R studies have demonstrated the advantages of integrating S&R,
they have also identified a trade-off between the two tasks. That is,
when recommendation performance improves, search performance
may decline, or vice versa. This trade-off stems from the different
information requirements: search prioritizes the semantic relevance
between the queries and the items, while recommendation heavily
relies on the collaborative relationship between users and items. To
balance semantic and collaborative information and mitigate this
trade-off, two main challenges arise: (1) How to incorporate both
semantic and collaborative information in item representations. (2)
How to train the model to understand the different information re-
quirements of S&R. The recent rise of generative retrieval based on
Large Language Models (LLMs) for S&R offers a potential solution.
Generative retrieval represents each item as an identifier, allowing
us to assign multiple identifiers to each item to capture both seman-
tic and collaborative information. Additionally, generative retrieval
formulates both S&R as sequence-to-sequence tasks, enabling us
to unify different tasks through varied prompts, thereby helping
the model better understand the requirements of each task. Based
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on this, we propose GenSAR, a method that unifies balanced S&R
through generative retrieval. We design joint S&R identifiers and
training tasks to address the above challenges, mitigate the trade-
off between S&R, and further improve both tasks. Experimental
results on a public dataset and a commercial dataset validate the
effectiveness of GenSAR.
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1 Introduction
To facilitate the diverse ways of information access, many commer-
cial platforms, such as e-commerce, video, and music platforms,
offer both search [29, 31, 37] and recommendation [8, 10, 42, 43, 58–
63] (S&R) services. This provides an opportunity for joint modeling
of S&R, enabling better user interest modeling and enhancing the
performance of both tasks.

Many studies have explored joint modeling of S&R, including:
leveraging recommendation to enhance search [2, 3, 6, 7], using
search to enhance recommendation [17, 38, 39, 46], and unified
S&R modeling [36, 50, 53, 56, 57]. Although these studies have
demonstrated that S&R can mutually enhance each other, they
have also identified a trade-off when the model serves both tasks
simultaneously [35, 36]. Specifically, when the recommendation
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Figure 1: Empirical analysis on the Commercial dataset: (a)
A trade-off between S&R is observed in representative joint
S&Rmethods, JSR [56] andUniSAR [36]. (b) The performance
of the sequential recommendation model SASRec [21] and
the product search model QEM [2], using ID and text embed-
dings, respectively.

performance improves, the search performance tends to degrade,
and vice versa. Empirical analysis of the representative methods of
JSR [56] and UniSAR [36] based on a S&R dataset collected from a
real commercial platform also confirmed the performance trade-off,
as shown in Figure 1(a). More details please refer to Section 4.1.1.

Analysis also showed that the trade-off is rooted in the different
information requirements of S&R. Search typically focuses more
on the semantic relevance between queries and items, with tra-
ditional search models often based on pre-trained language mod-
els [20, 49, 51]. In contrast, recommendation heavily relies on col-
laborative information, where ID-based recommendation can yield
excellent results [16, 21, 54]. Figure 1(b) shows an empirical valida-
tion where the S&R performances with ID- and Text-only embed-
dings are shown. The ID embeddings are randomly initialized and
trained, containing collaborative information, while the Text em-
beddings are trained with BGE [49] and then reduced to the same
dimensionality as that of the ID embeddings, containing semantic
information. From Figure 1(b), we found that recommendation re-
lies more on collaborative information while search focuses more
on semantic information.

Therefore, balancing the semantic information required for search
and the collaborative information needed for recommendation be-
comes a key issue in joint S&R modeling. It is non-trivial and faces
two major challenges: (1) How to incorporate both semantic and
collaborative information in item representations. Existing joint
S&R models typically assign a single representation to each item,
making it difficult to capture both types of information effectively;
(2) How to let the model understand the difference in information
requirements of S&R during training. Current joint models often
treat S&R tasks identically, without differentiating them during
training. This makes it challenging for the model to grasp their
distinct requirements.

Recently, Large Language Model (LLM) [67]-based generative
retrieval for search [44, 71] and recommendation [13, 33, 68] have
garnered significant attention. This provides a solution to the afore-
mentioned challenges: (1) Generative retrieval assigns an identifier
(a sequence of tokens) to each item, allowing us to assign multiple
identifiers to each item to balance semantic and collaborative infor-
mation; (2) Generative retrieval formulates both S&R as sequence-
to-sequence (Seq2Seq) tasks, enabling the unification of different

S&R tasks and helping the model better understand the distinct
requirements of each task.

Based on this, we propose GenSAR, which unifies balanced
search and recommendation through generative retrieval, thereby
alleviating the trade-off between S&R to better enhance each other.
Firstly, we design a joint S&R identifier that integrates both seman-
tic and collaborative information. Building on the RQ-VAE [33, 68]
method, we employ shared codebooks for both semantic and col-
laborative information, alongside specific codebooks for each. As a
result, items from search are represented by semantic codes, while
items from recommendation are represented by collaborative codes.
These two codes share a common portion to capture shared infor-
mation while also retaining distinct parts to preserve the unique
characteristics of semantic and collaborative information. Secondly,
we design the joint S&R training tasks. We prepend a token rep-
resenting the behavior type to the item identifier and then input
the user’s S&R history into the LLM (with the user query also
provided for search). Different prompts are used to guide LLMs
to predict the next recommended item, the next searched query,
and the next searched item, enabling the model to understand the
distinct requirements for S&R.

The major contributions of the paper are summarized as follows:
•We verified the existence of the trade-off between S&R, and identi-
fied that this trade-off arises from the different information require-
ments of S&R. Additionally, we have analyzed the challenges in
balancing semantic and collaborative information needed for S&R.
•We propose GenSAR, which unifies balanced S&R through gen-
erative retrieval. We designed a joint S&R identifier to balance
semantic and collaborative information, and developed joint train-
ing tasks to help the model understand the different requirements
of each task.
• Experimental results on two datasets validate the effectiveness of
GenSAR. GenSAR not only surpasses traditional S&R models but
also outperforms generative S&R models.

2 Related Work
Joint Search and Recommendation. Joint modeling of S&R has
attracted increasing attention in recent years and can be broadly
categorized into three types: (1) Enhancing search with recommen-
dation [2, 3, 6, 7], such as TEM [6], which uses Transformers to
model user preferences, and CoPPS [7], which applies contrastive
learning to address data sparsity. (2) Enhancing recommendation
with search [17, 38, 39, 46], e.g., SESRec [39], which disentangles
similar and dissimilar interests from both histories. (3) Unified mod-
eling of S&R [36, 50, 53, 56, 57, 64–66], such as JSR [56, 57] with joint
loss and UniSAR [36], which models behavior transitions. While
these works show mutual benefits between S&R, they also reveal a
trade-off. This paper addresses that trade-off within a generative
retrieval framework.
Generative Search andRecommendation.With the rise of Large
Language Models (LLMs) [67], LLM-based generative retrieval has
been widely explored for both search [5, 23, 28, 32, 41, 44, 47, 70, 71]
and recommendation [13, 19, 27, 30, 33, 52, 68]. These methods
represent items as identifiers and input the user query (for search)
or user history (for recommendation) into the LLM to generate the
target item. Identifier designs can be grouped into: (1) Text-based,
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using item titles [9, 25] or substrings [5, 24]; (2) Non-learnable ID-
based, with early methods assigning random IDs [13], and later ones
using clustering to encode semantic or collaborative structure [19,
44, 47]; (3) Learnable codebook-based, applying techniques like
RQ-VAE [33, 68] to learn identifiers from semantic or collaborative
embeddings. However, most existing approaches design identifiers
tailored to either search or recommendation, focusing solely on
semantic or collaborative information. In joint S&R, balancing both
is essential for strong performance across tasks.

3 Our Approach
This section introduces our proposed method, GenSAR. Section 3.1
defines the Joint Search and Recommendation task. Section 3.2
presents the Joint Identifier module, where we design separate se-
mantic and collaborative identifiers to balance the different needs
of search and recommendation. Section 3.3 describes task-specific
training objectives to help the model capture both types of informa-
tion. Finally, Section 3.4 details the training and inference process
of GenSAR.

3.1 Problem Formulation
LetU,V,Q denote the sets of users, items, and queries, respectively.
Each user 𝑢 ∈ U has a chronologically ordered interaction history
𝑆𝑢 = [(𝑏1, 𝑥1), (𝑏2, 𝑥2), . . . , (𝑏𝑁 , 𝑥𝑁 )] that includes her historical
S&R behaviors, where𝑁 denotes the number of𝑢’s historical behav-
iors. 𝑏𝑖 ∈ {⟨RI⟩, ⟨SQ⟩, ⟨SI⟩} represents the type of the 𝑖-th behavior:
⟨RI⟩ indicates an item clicked by the user after a recommendation,
⟨SQ⟩ represents a query searched by the user, and ⟨SI⟩ denotes an
item clicked by the user after searching a query. 𝑥𝑖 denotes the 𝑖-th
behavior:

𝑥𝑖 =

{
𝑣𝑖 , if 𝑏𝑖 = ⟨RI⟩ or 𝑏𝑖 = ⟨SI⟩,
𝑞𝑖 , if 𝑏𝑖 = ⟨SQ⟩,

(1)

where 𝑣𝑖 ∈ V denotes the 𝑖-th interacted item and 𝑞𝑖 ∈ Q is the 𝑖-th
searched query. Our goal is to enable the model to understand user
interests and predict the next item 𝑣𝑁+1 for search when 𝑏𝑁+1 =

⟨SI⟩ or recommendation when 𝑏𝑁+1 = ⟨RI⟩.

3.2 Joint Search and Recommendation Identifier
This section introduces the design of the joint S&R identifier (Fig-
ure 2). We first extract semantic and collaborative embeddings for
each item. Using RQ-VAE [22, 33, 68], we apply both shared and
separate codebooks to learn two identifiers per item—one semantic,
one collaborative. The identifiers share common parts to capture
shared information, while retaining unique parts to reflect task-
specific features.

3.2.1 Embedding Extraction. For each item 𝑣 ∈ V , we can input
its textual information, such as the title and description, into a
pre-trained retrieval model (e.g., BERT [12], BGE [49]) to obtain
an embedding v𝑠 ∈ R𝑑𝑠 that contains its semantic information.
Meanwhile, we can also obtain an embedding v𝑐 ∈ R𝑑𝑐 containing
its collaborative information from a pre-trained recommendation
model (e.g., SASRec [21], BERT4Rec [40]). 𝑑𝑠 and 𝑑𝑐 represent the
dimensions of the semantic and collaborative embeddings, respec-
tively. We map the semantic and collaborative embeddings to the

same-dimensional latent space using two encoders:

z𝑠 = Encoder𝑠 (v𝑠 ), z𝑐 = Encoder𝑐 (v𝑐 ), (2)

where z𝑠 ∈ R𝑑 , z𝑐 ∈ R𝑑 and 𝑑 is the dimension of the latent embed-
dings, Encoder𝑠 (·) and Encoder𝑐 (·) are two MLPs (Multilayer Per-
ceptrons).

3.2.2 Residual Quantization. To integrate both semantic and col-
laborative information, we use 𝐿𝑚-level shared codebooks, along
with 𝐿𝑛-level specific codebooks for semantic and collaborative
information, respectively. First, the latent embeddings for seman-
tic and collaborative information, z𝑠 and z𝑐 , are concatenated to
form r𝑚0 = [z𝑠 ; z𝑐 ] ∈ R2𝑑 . This r𝑚0 is then passed through the
𝐿𝑚-level shared codebooks to obtain the shared codes 𝐼𝑚 and the
residual embedding r𝑚

𝐿𝑚
. Then, we extract the semantic part r𝑠0 =

r𝑚
𝐿𝑚

[1:𝑑] ∈ R𝑑 and the collaborative part r𝑐0 = r𝑚
𝐿𝑚

[𝑑 :2𝑑] ∈ R𝑑
from r𝑚

𝐿𝑚
, and input them separately into the semantic and collabo-

rative codebooks to learn their specific codes 𝐼𝑠 and 𝐼𝑐 , respectively.
Finally, the shared and specific codes are concatenated, resulting
in two identifiers, 𝐼𝑚+𝑠 and 𝐼𝑚+𝑐 , for each item. Next, we will in-
troduce the residual quantization process for both the shared and
specific codebooks.
• SharedCodebooks.Wehave 𝐿𝑚-level shared codebooks. At each
level 𝑖 ∈ {1, 2, . . . , 𝐿𝑚}, we have a shared codebook C𝑚

𝑖
= {e𝑘 }𝐾𝑘=1,

where 𝐾 is the size of each codebook and e𝑘 ∈ R2𝑑 is a learnable
code embedding. The residual quantization process for the shared
codebooks is as follows:

𝑐𝑚𝑖 = argmin
𝑘

| |r𝑚𝑖−1 − e𝑘 | |22, e𝑘 ∈ C𝑚𝑖 ,

r𝑚𝑖 = r𝑚𝑖−1 − e𝑐𝑚
𝑖
, r𝑚0 = [z𝑠 ; z𝑐 ] ∈ R2𝑑 ,

(3)

where 𝑐𝑚
𝑖

is the assigned code from the 𝑖-th level of the shared
codebook. r𝑚

𝑖−1 is the residual from last level. Through the re-
cursive quantization in Eq. (3), we can obtain the shared codes
𝐼𝑚 =

[
𝑐𝑚1 , 𝑐

𝑚
2 , . . . , 𝑐

𝑚
𝐿𝑚

]
and the residual embedding r𝑚

𝐿𝑚
.

• Specific Codebooks. We can extract the semantic part r𝑠0 =

r𝑚
𝐿𝑚

[1:𝑑] ∈ R𝑑 and the collaborative part r𝑐0 = r𝑚
𝐿𝑚

[𝑑 :2𝑑] ∈ R𝑑
from the residual embedding r𝑚

𝐿𝑚
outputted by the shared code-

books. We then pass them separately through the 𝐿𝑛-level se-
mantic and collaborative specific codebooks C𝑠

𝑖
and C𝑐

𝑖
, where

𝑖 ∈ {1, 2, . . . , 𝐿𝑛}. Please note that, unlike the shared codebook
whose code embeddings are 2𝑑-dimensional, the code embeddings
of the specific codebooks are 𝑑-dimensional. The residual quan-
tization process for the specific codebooks can be formulated as
follows:

𝑐𝑠𝑖 = argmin
𝑘

| |r𝑠𝑖−1 − e𝑘 | |22, e𝑘 ∈ C𝑠𝑖 ,

𝑐𝑐𝑖 = argmin
𝑘

| |r𝑐𝑖−1 − e𝑘 | |22, e𝑘 ∈ C𝑐𝑖 ,

r𝑠𝑖 = r𝑠𝑖−1 − e𝑐𝑠
𝑖
, r𝑐𝑖 = r𝑐𝑖−1 − e𝑐𝑐

𝑖
,

(4)

where 𝑐𝑠
𝑖
and 𝑐𝑟

𝑖
represent the codes assigned by the 𝑖-th level

semantic-specific and collaborative-specific codebooks, respectively.
Through the recursive quantization in Eq. (4), we can obtain the
semantic-specific and collaborative-specific codes as follows:

𝐼𝑠 =

[
𝑐𝑠1, 𝑐

𝑠
2, . . . , 𝑐

𝑠
𝐿𝑛

]
, 𝐼𝑐 =

[
𝑐𝑐1, 𝑐

𝑐
2, . . . , 𝑐

𝑐
𝐿𝑛

]
.
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Figure 2: The joint search and recommendation identifier. We extract the semantic and collaborative embeddings for each
item. These two embeddings are first concatenated and passed through the shared codebooks to learn shared codes. Then, the
semantic and collaborative embeddings are separately processed through specific codebooks to learn specific codes. Finally,
these codes are concatenated to form two identifiers for each item: one for semantics and one for collaboration.

Finally, by concatenating the shared codes and the specific codes, we
can obtain the semantic identifier 𝐼𝑚+𝑠 and collaborative identifier
𝐼𝑚+𝑐 for item 𝑣 :

𝐼𝑚+𝑠 =
[
𝑐𝑚1 , 𝑐

𝑚
2 , . . . , 𝑐

𝑚
𝐿𝑚
, 𝑐𝑠1, 𝑐

𝑠
2, . . . , 𝑐

𝑠
𝐿𝑛

]
,

𝐼𝑚+𝑐 =
[
𝑐𝑚1 , 𝑐

𝑚
2 , . . . , 𝑐

𝑚
𝐿𝑚
, 𝑐𝑐1, 𝑐

𝑐
2, . . . , 𝑐

𝑐
𝐿𝑛

]
.

(5)

3.2.3 Identifier Training. After passing through the shared and
specific codebooks, we can obtain the semantic and collaborative
quantized embeddings as follows:

ẑ𝑠 =
𝐿𝑚∑︁
𝑖=1

e𝑐𝑚
𝑖
[1:𝑑] +

𝐿𝑛∑︁
𝑖=1

e𝑐𝑠
𝑖
, ẑ𝑐 =

𝐿𝑚∑︁
𝑖=1

e𝑐𝑚
𝑖
[𝑑 :2𝑑] +

𝐿𝑛∑︁
𝑖=1

e𝑐𝑐
𝑖
, (6)

where e𝑐𝑚
𝑖

∈ R2𝑑 is the code embedding of the shared codebooks,
e𝑐𝑠

𝑖
∈ R𝑑 and e𝑐𝑐

𝑖
∈ R𝑑 are the code embeddings of the semantic

and collaborative specific codebooks. The quantized semantic em-
bedding ẑ𝑠 ∈ R𝑑 and collaborative embedding ẑ𝑐 ∈ R𝑑 will be used
to reconstruct the original semantic and collaborative embeddings,
v𝑠 and v𝑐 :

v̂𝑠 = Decoder𝑠 (ẑ𝑠 ), v̂𝑐 = Decoder𝑐 (ẑ𝑐 ), (7)

where Decoder𝑠 (·) and Decoder𝑐 (·) are twoMLPs.We can compute
the reconstruction loss used for training the encoder and decoder
as follows:

LRecon = | |v𝑠 − v̂𝑠 | |22 + ||v𝑐 − v̂𝑐 | |22 . (8)

We can also compute the loss for residual quantization as follows:

L𝑚RQ =

𝐿𝑚∑︁
𝑖=1

| |sg[r𝑚𝑖−1] − e𝑐𝑚
𝑖
| |22 + 𝛼 | |r

𝑚
𝑖−1 − sg[e𝑐𝑚

𝑖
] | |22,

L𝑠RQ =

𝐿𝑛∑︁
𝑖=1

| |sg[r𝑠𝑖−1] − e𝑐𝑠
𝑖
| |22 + 𝛼 | |r

𝑠
𝑖−1 − sg[e𝑐𝑠

𝑖
] | |22,

L𝑐RQ =

𝐿𝑛∑︁
𝑖=1

| |sg[r𝑐𝑖−1] − e𝑐𝑐
𝑖
| |22 + 𝛼 | |r

𝑐
𝑖−1 − sg[e𝑐𝑐

𝑖
] | |22,

LRQ = L𝑚RQ + L𝑠RQ + L𝑐RQ,

(9)

where sg[·] denotes the stop-gradient operation and 𝛼 is a hyper-
parameter. LRQ is used to train the code embeddings in both the
shared and specific codebooks. Finally, the total loss for training
the identifier is as follows:

LRQ-VAE = LRecon + LRQ . (10)

3.2.4 Behavior-aware Identifier. After learning the semantic and
collaborative identifiers for each item, we can represent each user in-
teraction (𝑏𝑖 , 𝑥𝑖 ) as shown in Eq. (1). To help the model understand
different behaviors in the user’s interaction history, we prepend a
token indicating the behavior type to each interaction’s identifier.
For interactions involving items, we prepend the corresponding
behavior token to the identifier of each item. For interactions involv-
ing queries, we prepend the behavior token to the word sequence
of the query. It can be formulated as follows:

ID(𝑏𝑖 , 𝑥𝑖 ) =


[
⟨RI ⟩, 𝑐𝑚1 , 𝑐𝑚2 , . . . , 𝑐𝑚𝐿𝑚 , 𝑐

𝑐
1 , 𝑐

𝑐
2 , . . . , 𝑐

𝑐
𝐿𝑛

]
, if 𝑏𝑖 = ⟨RI ⟩,[

⟨SQ ⟩, 𝑤1, 𝑤2, . . . , 𝑤|𝑞𝑖 |
]
, if 𝑏𝑖 = ⟨SQ ⟩,[

⟨SI ⟩, 𝑐𝑚1 , 𝑐𝑚2 , . . . , 𝑐𝑚𝐿𝑚 , 𝑐
𝑠
1 , 𝑐

𝑠
2 , . . . , 𝑐

𝑠
𝐿𝑛

]
, if 𝑏𝑖 = ⟨SI ⟩,

(11)
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where
[
𝑤1,𝑤2, . . . ,𝑤 |𝑞𝑖 |

]
are the words of query 𝑞𝑖 . ID(·) denotes

the function for obtaining the identifier of each interaction.

3.3 Joint Search and Recommendation Training
To better adapt the LLM to joint S&R tasks, we design training
objectives that help it understand user behaviors and effectively
learn both semantic and collaborative identifiers.

3.3.1 Next Recommendation Item Prediction. To enable the LLM to
perform well on the recommendation task, we let it predict the next
recommended item. Unlike previous generative recommendation
models [13, 33, 68] that only use the user’s recommendation his-
tory, our approach incorporates search history as well. This allows
the LLM to better leverage the user’s historical information and
understand the relationship between S&R behaviors. A sample of
the data is shown below:

Next Recommendation Item Prediction
Instruction: Below is the user’s interaction history: ⟨SQ⟩
Piano; ⟨SI⟩ <M1_247> <M2_197> <S1_184> <S2_110>;
...; ⟨RI⟩ <M1_30> <M2_147> <R1_247> <R2_229>. Please
recommend the next item the user is likely to click.
Response: ⟨RI⟩ <M1_10> <M2_25> <R1_52> <R2_37>

Here, “<M1_10> <M2_25>” represents the shared semantic and
collaborative identifier of the item, “<S1_184> <S2_110>” represents
the semantic-specific identifier, and “<R1_52> <R2_37>” represents
the collaborative-specific identifier.

3.3.2 Next SearchQuery Prediction. Some works focus on query
recommendation [4, 14, 48], where they predict the next query
a user is likely to search. Since our user interaction history also
includes search queries, we introduce a task that allows the LLM to
predict the user’s next intended search query based on their history.
This helps the model better understand user search intent and the
relationship between S&R behaviors. A sample of the data for this
task is as follows:

Next Search Query Prediction
Instruction: Below is the user’s interaction history: ⟨RI⟩
<M1_199> <M2_175> <R1_1> <R2_44>; ⟨RI⟩ <M1_209>
<M2_235> <R1_159> <R2_80>; ...; ⟨RI⟩ <M1_147>
<M2_68> <R1_118> <R2_85>. Please predict the next query
the user might want to search.
Response: ⟨SQ⟩ Artificial Intelligence

3.3.3 Next Search Item Prediction. To enable the model to perform
well on the search task, we have it predict the next search item.
Previous generative search models [44, 71] only input the user’s
query into the LLM to predict the target item, which considers only
the correlation between the query and the item, without taking
the user’s preferences into account. To address this, we include
the user’s S&R history in the input to reflect their preferences. A
sample of the data for this task is as follows:

Large Language 

Model

Next Recommendation Item Prediction:

<RI> <M1_10> <M2_25> <R1_52> <R2_37>

Next Search Query Prediction:

<SQ>  Artificial Intelligence

Next Search Item Prediction:

<SI> <M1_23> <M2_42> <S1_126> <S2_73>

Desc2ID: 

<M1_135> <M2_19> <S1_41> <S2_65>

ID2Desc:

Apple MacBook Air

Large Language 

Model

Different task’s 

Instruction

Next Behavior Token

(<RI> for Recommendation; 

 <SI>   for Search)

Next Recommendation Item Prediction:

<M1_10> <M2_25> <R1_52> <R2_37>

Next Search Item Prediction:

<M1_23> <M2_42> <S1_126> <S2_73>

Different task’s 

Instruction

(a) Training

(b) Inference

Figure 3: Training and Inference Process of GenSAR. During
training, we provide LLM with different instructions to gen-
erate corresponding responses. During inference, we append
a token at the end of the instruction to indicate the type of
behavior to be predicted, enabling the LLM to be applied to
either search or recommendation tasks.

Next Search Item Prediction
Instruction: Below is the user’s interaction history: ⟨RI⟩
<M1_199> <M2_175> <R1_1> <R2_44>; ⟨RI⟩ <M1_209>
<M2_235> <R1_159> <R2_80>; ...; ⟨RI⟩ <M1_147>
<M2_68> <R1_118> <R2_85>. The user’s search query is ⟨SQ⟩
Artificial Intelligence. Please predict the next item the
user might click.
Response: ⟨SI⟩ <M1_23> <M2_42> <S1_126> <S2_73>

Here, “⟨SQ⟩ Artificial Intelligence” denotes the query that the
user is currently searching for.

3.3.4 Identifier-Language Alignment. To enhance the LLM’s under-
standing of both the collaborative and semantic identifiers of each
item, we designed an identifier-language alignment task. This task
enables the LLM to generate a corresponding description based on
an item’s identifier and, conversely, to generate the appropriate
identifier from the item’s description.

First, we have the Desc2ID task, which enables the LLM to gen-
erate the corresponding item identifier based on its description.

Desc2ID
Instruction: Using the provided description “Apple
MacBook Air”, predict the corresponding item.
Response: <M1_135> <M2_19> <S1_41> <S2_65>

Then, we have the ID2Desc task, which enables the LLM to
generate the corresponding item description based on its identifier.

ID2Desc
Instruction: Please provide a description for the item
<M1_135> <M2_19> <S1_41> <S2_65>.
Response: Apple MacBook Air.
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Table 1: Comparison of different generative search or recom-
mendation methods. “S.” and “R.” denote search and recom-
mendation respectively.

Methods Scale Backbone Task Identifier

S. R. Semantic Collaborative

P5 [13, 19] 60M/220M T5-small/T5-base % " % "

TIGER [33] 60M T5-small % " " %

LC-Rec [68] 7B LLaMA % " " %

DSI-QG[71] 220M T5-base " % " %

WebUltron [70] 220M T5-base " % " %

GenRet [41] 220M T5-base " % " %

GenSAR (Ours) 60M T5-small " " " "

Please note that for both semantic and collaborative identifiers,
we include the Desc2ID and ID2Desc training tasks. Since the input
and output of these two tasks do not involve user history, we do
not prepend a token indicating the behavior type to the identifier.

3.4 Training and Inference
This section introduces how to train the LLM for joint S&R, and
how to use the trained LLM during inference to generate the target
item for either the search or recommendation task. The training
and inference process of GenSAR is shown in Figure 3.

3.4.1 Training. As previously mentioned, each interaction in the
user’s history is represented as an identifier, allowing us to formu-
late the task as a sequence-to-sequence problem.We train the model
using next token prediction, optimizing the negative log-likelihood
of generating the target as follows:

L = −
𝑇∑︁
𝑡=1

𝑙𝑜𝑔 𝑃 (𝑦𝑡 |𝑦<𝑡 , Ins). (12)

Here, 𝑦 represents the behavior-aware identifier of the target to be
predicted, as defined in Eq. (11). 𝑇 is the length of the identifier of
the target item. Ins refers to the various instructions described in
Section 3.3, which are used as inputs for the LLM.

3.4.2 Inference. During training, we train the LLM according to the
input-output format described in Section 3.3. During inference, to
apply the LLM to search and recommendation tasks, we append a be-
havior token, either “⟨SI⟩” for search or “⟨RI⟩” for recommendation,
to the input of the LLM to prompt it to generate the corresponding
next item for search or recommendation, respectively. The other
tasks mentioned in Section 3.3 are used as auxiliary tasks during
training to help the model better understand user S&R behaviors.
During generation, to ensure that the items generated by the LLM
are within the candidate set, we follow previous works [19, 68] and
use constrained beam search.

3.5 Discussion
As shown in Table 1, we compare GenSAR with various genera-
tive search or recommendation methods in terms of scale (number
of parameters), backbone architecture used, and applicable tasks.
GenSAR adopts T5-small as its backbone, resulting in a relatively
small number of parameters while being capable of serving both
S&R tasks. Compared with existing methods, it achieves an optimal
balance between efficiency and effectiveness.

Table 2: Statistics of the datasets used in this paper. “S” and
“R” denote search and recommendation, respectively.

Dataset #Users #Items #Queries #Interaction-R #Interaction-S

Amazon 192,403 62,883 983 1,266,903 1,081,934
Commercial 10,000 782,225 135,206 4,286,866 383,465

In terms of novelty, unlike existing methods that focus solely on
either semantic or collaborative information in identifier design, our
approach incorporates both the semantic information required for
search and the collaborative signals essential for recommendation.
This joint consideration helps alleviate the trade-off between S&R.

4 Experiments
We conducted experiments to evaluate the performance of GenSAR.
The source code and experimental details are available 1.

4.1 Experimental Setup
4.1.1 Dataset. We conducted experiments on the following datasets:
(1) Amazon2 [15, 26]: Following previous works [2, 3, 36, 39], we
use the semi-synthetic dataset based on Amazon recommendation
data as the public dataset for our experiments. 3 (2) Commercial:
To thoroughly evaluate the effectiveness of GenSAR, we collected
a dataset from a Chinese commercial app, containing S&R interac-
tions from 5,000 users over two weeks. For details on data process-
ing and train/validation/test splitting, please see the code link.

4.1.2 Baselines. In this work, we use the following representative
methods as baselines for comparison with GenSAR.

First, we compare with the following recommendation mod-
els: (1) Sequential Recommendation: GRU4Rec [18]; SASRec [21];
FMLP-Rec [69]; LRURec [55]. (2) Generative Recommendation: P5-
CID [13, 19]; TIGER [33]; LC-Rec [68]. Next, we compare with the
following searchmodels: (1) Personalized Search:QEM [2];TEM [6];
CoPPS [7]. (2) Dense Retrieval: E54 [45]; BGE5 [49]. (3) Generative
Retrieval: DSI-QG [71]; WebUltron [70]; GenRet [41]. Finally,
we compare with the following joint S&R models: JSR [56]; SES-
Rec [39]; UnifiedSSR [50]; UniSAR [36]. For more details on the
baselines, please see the code link.

4.1.3 Evaluation Metrics & Implementation Details . Following pre-
vious works [36, 39, 69], we use ranking metrics including top-𝑘
Hit Ratio (HR) and top-𝑘 Normalized Discounted Cumulative Gain
(NDCG). We report the results for 𝑘 values of {1, 5, 10}, and since
NDCG@1 is the same as HR@1, we do not report it. For more
details on the evaluation and model implementation, please see the
code link.

1https://github.com/TengShi-RUC/GenSAR
2https://cseweb.ucsd.edu/~jmcauley/datasets/amazon/links.html, https://github.com/
QingyaoAi/Amazon-Product-Search-Datasets
3Please note that 70% of the items in the “Kindle Store” subset used in previous
works [36, 39] lack textual information, so we use the “Electronics” subset, where less
than 1% of the items lack text.
4https://huggingface.co/intfloat/multilingual-e5-base
5https://huggingface.co/BAAI/bge-base-en-v1.5, https://huggingface.co/BAAI/bge-
base-zh-v1.5
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Table 3: The recommendation performance of different methods on the two datasets. The best and the second-best methods
are highlighted in bold and underlined fonts, respectively. The improvements over the second-best methods are statistically
significant (𝑡-test, 𝑝-value< 0.05). Following commonly used settings [36, 39, 69], we pair the ground-truth itemwith 99 randomly
sampled items that the user has not interacted with to form the candidate list.

Datasets Metrics Recommendation Joint Search and Recommendation

GRU4Rec SASRec FMLP-Rec LRURec P5-CID TIGER LC-Rec JSR SESRec UnifiedSSR UniSAR GenSAR

Amazon

HR@1 0.0440 0.0544 0.0534 0.0544 0.0881 0.1073 0.1063 0.0657 0.0627 0.0477 0.0680 0.1261
HR@5 0.1716 0.1887 0.1898 0.1890 0.1874 0.2046 0.1973 0.2075 0.2083 0.1667 0.2171 0.2228
HR@10 0.2884 0.2992 0.3041 0.3001 0.2790 0.2852 0.2760 0.3188 0.3209 0.2707 0.3319 0.3063
NDCG@5 0.1074 0.1216 0.1217 0.1218 0.1380 0.1565 0.1522 0.1371 0.1359 0.1071 0.1432 0.1748
NDCG@10 0.1449 0.1571 0.1584 0.1575 0.1674 0.1824 0.1774 0.1729 0.1721 0.1405 0.1802 0.2015

Commercial

HR@1 0.1022 0.1519 0.1442 0.1363 0.2843 0.2630 0.2703 0.1576 0.1890 0.1515 0.2214 0.2997
HR@5 0.2526 0.2812 0.2711 0.2637 0.3305 0.3013 0.3001 0.2685 0.2845 0.2844 0.3228 0.3496
HR@10 0.3527 0.3716 0.3584 0.3525 0.3830 0.3448 0.3333 0.3529 0.3690 0.3870 0.4056 0.4031
NDCG@5 0.1787 0.2179 0.2093 0.2021 0.3072 0.2819 0.2849 0.2142 0.2370 0.2195 0.2727 0.3241
NDCG@10 0.2110 0.2470 0.2373 0.2306 0.3240 0.2958 0.2955 0.2413 0.2641 0.2524 0.2993 0.3411

4.2 Overall Performance
Table 3 and Table 4 show the S&R results on two datasets, respec-
tively. From the results, we can observe that:
• Firstly, it can be seen that compared to existing search or rec-
ommendation models, GenSAR achieves state-of-the-art results.
This validates the effectiveness of GenSAR in alleviating the trade-
off between S&R through generative retrieval, by designing joint
identifiers and training tasks for both tasks.
• Secondly, we can observe that most joint S&R methods (e.g., JSR,
UniSAR, GenSAR) outperform traditional methods that using only
item IDs, such as sequential recommendation (e.g., SASRec, FMLP-
Rec) and personalized search methods (e.g., QEM, TEM, CoPPS).
This demonstrates the advantages of jointly modeling of S&R, as it
enhances the performance of both tasks.
• Thirdly, it can be observed that for search, dense retrieval (e.g.,
E5, BGE) and generative retrieval (e.g., GenRet, GenSAR) methods
that rely on semantic information outperform personalized search
models (e.g., QEM, TEM, CoPPS) that rely solely on ID information.
This also confirms that for search, semantic information is more
important than collaborative information.

4.3 Ablation Study
We conducted ablation study on the Commercial dataset to validate
the effectiveness of the various training tasks in GenSAR, as shown
in Table 5.

Impact of Behavior Token. As shown in Section 3.2.4, we
prepended a token indicating the type of behavior to the identifier
of each user interaction, enabling the LLM to recognize different
behavior types. To evaluate its impact, we removed this behavior
token, as shown in Table 5 (“w/o Behavior Token”). The results
indicate that removing the behavior token degrades performance,
validating that adding this token helps the LLM better understand
the relationship between user S&R behaviors.

Next Recommendation Item Prediction (NRIP). As shown
in Section 3.3.1, we incorporated the training task “Next Recom-
mendation Item Prediction” (NRIP), which enables the LLM to pre-
dict the next item to recommend based on user history. To eval-
uate its impact, we removed this task, as shown in Table 5 (“w/o

NRIP”). The results demonstrate that removing this task signifi-
cantly degrades recommendation performance and slightly reduces
search performance, highlighting the importance of NRIP. Addi-
tionally, this demonstrates that recommendation training tasks can
enhance search performance, verifying that recommendation can
benefit search.

Next Search Query Prediction (NSQP).We included the train-
ing task “Next Search Query Prediction” (NSQP) to enable the LLM
to better understand user intent by predicting the next query a user
might want to search, as described in Section 3.3.2. To evaluate its
impact, we observed the results after removing this task, as shown
in Table 5 (“w/o NSQP”). The results indicate that removing this
task significantly degrades search performance and also affects
recommendation performance, demonstrating that NSQP helps the
model better understand user search intent.

Next Search Item Prediction (NSIP). In Section 3.3.3, we intro-
duced the training task “Next Search Item Prediction” (NSIP), which
allows the LLM to predict the next item a user might click based
on their history and input query. We analyzed the impact of this
task, as shown in Table 5 (“w/o NSIP”). The results indicate that re-
moving this task significantly degrades search performance, while
also slightly affecting recommendation performance. This demon-
strates the importance of NSIP for search and further highlights that
search training tasks can enhance recommendation performance,
validating that search can assist recommendation.

Identifier-Language Alignment. In Section 3.3.4, we intro-
duced two tasks, Desc2ID and ID2Desc, for identifier-language
alignment, which help the LLM better understand the semantic and
collaborative identifiers of each item. We observed the impact of
removing these two tasks, as shown in Table 5 (w/o “Desc2ID” and
w/o “ID2Desc”). It can be seen that removing these tasks leads to a
decrease in both S&R performance, indicating the effectiveness of
these tasks in helping the LLM better understand item identifiers.

4.4 Experimental Analysis
We conducted further experiments on the Commercial dataset to
analyze the effectiveness of different modules in GenSAR.
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Table 4: The search performance of different methods on the two datasets. Since search relies on semantic relevance, previous
works [36, 50] that randomly sample negatives often produce overly easy examples, leading to inflated performance and poor
model differentiation. To address this, we follow prior personalized search methods [1, 11] and use BM25 [34] to retrieve 99
harder negatives, forming a candidate list with the positive sample for more accurate evaluation.

Datasets Metrics Search Joint Search and Recommendation

QEM TEM CoPPS E5 BGE DSI-QG WebUltron GenRet JSR UnifiedSSR UniSAR GenSAR

Amazon

HR@1 0.1512 0.0839 0.0943 0.3289 0.4030 0.3558 0.3432 0.4173 0.0835 0.0799 0.1122 0.5262
HR@5 0.3101 0.3471 0.3380 0.5945 0.6264 0.5848 0.5464 0.6513 0.2407 0.2476 0.3129 0.7529
HR@10 0.4657 0.5181 0.4909 0.7203 0.7475 0.6897 0.6216 0.7339 0.3463 0.3614 0.4333 0.8217
NDCG@5 0.2311 0.2173 0.2154 0.4662 0.5219 0.4764 0.4507 0.5399 0.1623 0.1662 0.2143 0.6485
NDCG@10 0.2809 0.2722 0.2647 0.5069 0.5613 0.5103 0.4748 0.5667 0.1962 0.2028 0.2533 0.6710

Commercial

HR@1 0.0311 0.0328 0.0265 0.1277 0.1267 0.1016 0.0804 0.1171 0.0273 0.0119 0.0511 0.1249
HR@5 0.0870 0.1106 0.0998 0.3108 0.3184 0.2831 0.2619 0.3320 0.1202 0.0470 0.1810 0.3655
HR@10 0.1539 0.1925 0.1792 0.4044 0.4194 0.4132 0.3992 0.4666 0.2137 0.0873 0.3231 0.5250
NDCG@5 0.0586 0.0715 0.0626 0.2230 0.2258 0.1940 0.1721 0.2273 0.0728 0.0292 0.1144 0.2472
NDCG@10 0.0799 0.0977 0.0880 0.2533 0.2584 0.2359 0.2164 0.2708 0.1026 0.0420 0.1597 0.2987

Table 5: Ablation study on the Commercial dataset, where
“w/o” denotes the removal of the corresponding module
in GenSAR.

Model
Recommendation Search

HR@5 NDCG@5 HR@5 NDCG@5

GenSAR 0.3496 0.3241 0.3655 0.2472

w/o Behavior Token 0.3430 0.3193 0.3298 0.2224
w/o NRIP 0.0665 0.0392 0.3456 0.2342
w/o NSQP 0.3401 0.3163 0.3089 0.2053
w/o NSIP 0.3390 0.3152 0.1668 0.1113
w/o Desc2ID 0.3416 0.3188 0.3355 0.2278
w/o ID2Desc 0.3458 0.3220 0.3398 0.2308
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Figure 4: Performance of GenSAR using different identifiers.

4.4.1 Impact of Different Identifier. To balance the semantic infor-
mation needed for search and the collaborative information needed
for recommendation, we designed the joint S&R identifier in Sec-
tion 3.2. To validate its effectiveness, we compared it with identi-
fiers learned directly from semantic embeddings or collaborative
embeddings using RQ-VAE [33, 68], as shown in Figure 4. “Only Col-
laborative” represents using only collaborative embeddings, while
“Only Semantic” represents using only semantic embeddings. The
results show that identifiers derived solely from semantic or col-
laborative information lead to degraded performance. Furthermore,

0.00 0.30 0.60 0.90 1.20 1.50
Collision Rate (%)

Id
en

tif
ie

r

0.18

0.39

1.37

0.90

GenSAR (Semantic)
GenSAR (Collaborative)
Only Semantic
Only Collaborative

Figure 5: Collision rate of different identifiers.

using only collaborative information results in worse search per-
formance, which aligns with the fact that search relies more on
semantic information.

4.4.2 Collision Rate of Different Identifier. Additionally, we ana-
lyzed the advantages of different identifiers from the perspective
of collision rate. The formula for calculating the collision rate is as
follows:

Collision Rate = (1 − # Unique Identifier
# Unique Item

) ∗ 100%,

where # Unique Identifier represents the number of unique iden-
tifiers, and # Unique Item represents the number of unique items.
Since RQ-VAE does not guarantee a unique identifier for each item
during the learning process, collisions may occur where different
items share the same identifier [33, 68]. A higher collision rate
can negatively impact the model’s performance. From Figure 5, it
can be observed that the two identifiers assigned to each item in
GenSAR, incorporating both semantic and collaborative informa-
tion, have a lower collision rate of 0.18% and 0.39%, respectively.
In contrast, identifiers derived solely from semantic embeddings
or collaborative embeddings exhibit higher collision rates of 1.37%
and 0.90%, respectively. This further validates the advantage of
the identifiers in GenSAR, as their lower collision rate enables the
model to achieve better performance.

4.4.3 Impact of Hyper-parameters. As described in Section 3.2, we
have 𝐿𝑚-level shared codebooks and 𝐿𝑛-level specific codebooks.
Here, we analyze the impact of the number of shared and specific
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Figure 6: Performance under different numbers of shared
codebooks 𝐿𝑚 . We fix 𝐿𝑚 + 𝐿𝑛 = 4 and vary 𝐿𝑚 to observe
the results.
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Figure 7: Performance under different length of the identifier.
We fix 𝐿𝑚 = 2 and vary 𝐿𝑛 to adjust the identifier length.

codebooks (𝐿𝑚 and 𝐿𝑛) on the results, as shown in Figure 6. We
fix 𝐿𝑚 + 𝐿𝑛 = 4 and observe the results. It can be seen that having
too few (𝐿𝑚 = 0) or too many (𝐿𝑚 = 4) shared codebooks fails to
achieve strong performance in both S&R. This indicates that 𝐿𝑚
needs to be properly set so that the identifier can capture both the
shared information between semantics and collaboration as well
as their specific characteristics. Only in this way can we achieve
better performance in both S&R.

Additionally, we analyzed the impact of identifier length on per-
formance, as shown in Figure 7. We fix 𝐿𝑚 = 2 and vary 𝐿𝑛 to adjust
the identifier length and observe the results. It can be seen that both
shorter (𝐿𝑚 + 𝐿𝑛 = 3) and longer (𝐿𝑚 + 𝐿𝑛 = 5) identifiers lead to
performance degradation. This is because, when the identifier is too
short, the identifiers learned through RQ-VAE are more prone to
collisions, resulting in a higher collision rate and making it difficult
for the model to distinguish between different items. On the other
hand, when the identifier is too long, the model requires more de-
coding steps during item generation, leading to accumulated errors
and ultimately deteriorating performance. Therefore, it is essential
to properly set the identifier length to achieve better performance.

5 Conclusion
In this paper, we propose GenSAR, which unifies balanced search
and recommendation through generative retrieval to alleviate the
trade-off between the two tasks and improve their performance. To
balance the semantic information required for search and the col-
laborative information needed for recommendation, we design the
joint S&R identifier and different training tasks. First, we learn two
identifiers for each item to represent semantic and collaborative
information, respectively. These identifiers share a common part to

capture the information shared between semantics and collabora-
tion while retaining distinct parts to preserve specific information.
Second, we design different training tasks to help the model better
understand the requirements of S&R tasks. We also validate the
effectiveness of GenSAR through extensive experiments.
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