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Abstract

Sequential recommendation aims to predict the next item
based on historical interactions. To further enhance the rea-
soning capability in sequential recommendation, LLMs are
employed to predict the next item or generate semantic
IDs for item representation, given LLMs’ extensive domain
knowledge and reasoning ability. However, existing LLM-
based methods suffer from two limitations. (i) The scarcity
of recommendation data with reasoning paths makes it chal-
lenging to design suitable chain-of-thought prompting tem-
plates, and the full potential of LLMs’ reasoning abilities re-
mains underutilized. (ii) Upon obtaining semantic IDs, the
LLMs and their representations are excluded from the sub-
sequent recommendation model training, preventing down-
stream models from fully utilizing the rich semantic informa-
tion encoded within these IDs. To address these issues, we
propose a novel CoderRec framework, which is capable of
fully exploiting the information encoded in semantic IDs to
guide the recommendation process. Specifically, to address
the problem of scarcity in reasoning path-augmented data,
we introduce latent reasoning into sequential recommenda-
tion and treat the representation captured by the downstream
model as domain-specific latent thought, enabling implicit
logical inference without requiring explicit CoT annotations.
To ensure that the downstream recommendation models are
able to deeply leverage the semantic information within IDs,
we propose a novel cross-scale model collaboration strategy,
which employs cross-scale IDs and a two-phase approach to
align LLM-derived semantics with recommendation objec-
tives. Extensive experiments have shown the effectiveness of
our proposed CoderRec framework. Codes will be available
at https://github.com/defineZYP/CoderRec.

Introduction
Sequential recommendation aims to predict the next item
users will interact with based on their historical behav-
iors, playing a crucial role in our daily lives (Wu et al.
2024; Boka, Niu, and Neupane 2024). To further enhance
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the capability of recommendation systems, various meta-
information, such as item descriptions and user feedback,
has been increasingly integrated (Zhou et al. 2020; Xie,
Zhou, and Kim 2022; Chen et al. 2018; Kazi et al. 2020),
which in turn poses new challenges to the representation
ability of recommendation models due to the need for ex-
tensive domain knowledge.

With the rapid development of large language models
(LLMs) in recent years, their powerful reasoning as well as
text understanding abilities have attracted significant atten-
tion (Brown et al. 2020; Touvron et al. 2023; Bai et al. 2023).
Leveraging their extensive domain knowledge and reasoning
ability, some pioneering works introduce LLMs into recom-
mendation tasks (Bao et al. 2023; Rajput et al. 2023; Liu
et al. 2024; Zheng et al. 2024; Hong et al. 2025). Unlike tra-
ditional approaches that use numeric IDs for items, LLM-
based methods typically represent items as text prompts
with specific templates designed by human experts or en-
hanced by prompting strategies such as chain-of-thought
(CoT) (Wei et al. 2022). Subsequently, the LLM processes
item sequences and employs reasoning to generate more ac-
curate and representative meta-information, and gets repre-
sentations with extensive semantic information. To better
adapt to the recommendation task, some approaches (Ra-
jput et al. 2023; Liu et al. 2025) utilize vector quantiza-
tion (Linde, Buzo, and Gray 2003), such as Residual Quan-
tized Variational Autoencoder (RQVAE) (Zeghidour et al.
2021), to compress the text representations of items into sev-
eral semantic IDs, enabling downstream models to operate
more efficiently and accurately.

However, existing approaches suffer from two limitations.
i) Unlike domains such as mathematical reasoning, which
have been widely used to evaluate the reasoning abilities
of LLMs, annotated data containing logical reasoning paths
is rarely available for recommendation tasks. The rationale
behind item recommendations is often subjective, flexible,
and highly contextual, making it difficult to manually de-
sign universal reasoning templates or construct effective
CoT prompts for different categories of items. ii) The down-
stream recommendation models cannot access the original



representations extracted by the LLM. Besides, neither the
LLM nor RQVAE participates in the training process of
downstream tasks. As a result, the recommendation model is
unable to fully utilize the complete information embedded in
the semantic IDs, leading to sub-optimal results. Thus, exist-
ing LLM-based sequential recommendation methods fail to
fully utilize the powerful capabilities of LLMs, and there are
two critical challenges to overcome these problems. How to
further explore the reasoning capabilities of LLMs in the ab-
sence of explicit reasoning data, and how to jointly leverage
the broad knowledge of semantic IDs and domain-specific
information of recommendation models.

To address these limitations, we propose CrOss-Scale
Model Collaboration for Sequential Recommendation with
Domain-Specific LatEnt Reasoning (CoderRec) method,
which is able to effectively leverage the information con-
tained in the semantic IDs to guide the recommendation
task. To better leverage the reasoning capabilities of LLMs
in sequential recommendation scenarios where there is a
lack of data with specific reasoning chains, we introduce la-
tent reasoning into the recommendation system. Latent rea-
soning aims to activate the reasoning capabilities of LLMs
in the latent space and can be seen as a kind of test-
time scaling (Ruan et al. 2025; Saunshi et al. 2025; Ze-
likman et al. 2025; Tang et al. 2025), thereby not relying
entirely on data with human-interpretable reasoning chains.
Since recommendation tasks are not purely text-based, our
goal is to improve item recommendations rather than overly
emphasize human-readable reasoning processes. Therefore,
we propose Domain-Specific Latent Reasoning for Sequen-
tial Recommendation, which enables LLMs to incorporate
domain-specific knowledge from small-scale recommenda-
tion models into the latent reasoning process and makes the
latent space suitable for recommendation tasks. To capture
the complex information contained in the semantic IDs and
extract latent thoughts related to recommendation, we pro-
pose the Cross-Scale Model Collaboration approach. The
approach treats RQVAE as a bridge for the joint utiliza-
tion of information between large-scale LLMs and small-
scale downstream models, guiding the recommendation pro-
cess. Specifically, for downstream recommendation tasks,
we design an innovative embedding method to simultane-
ously handle the rich information brought by both item IDs
and semantic IDs. Additionally, we introduce a two-stage
training method and propose a cross-scale representation re-
construction auxiliary loss to help the downstream recom-
mendation model better understand the diverse knowledge
embedded in the semantic IDs generated by the LLM.

Our contributions can be summarized as follows:

• To the best of our knowledge, we are the first to introduce
LLM-based latent reasoning into downstream sequential
recommendation models with semantic IDs.

• We design a cross-scale model collaboration framework,
which improves the model architecture for the down-
stream recommendation task.

• We propose a novel cross-scale representation recon-
struction auxiliary loss to help the downstream rec-
ommendation model better understand the rich domain

knowledge contained in semantic IDs.
• Extensive experiments are conducted to demonstrate the

superiority of our proposed CoderRec method over exist-
ing baselines.

Related Works
Sequential Recommendation. Sequential recommendation
aims to predict the next item that users want to interact with
based on their historical interactions with item sequences,
playing a significant role in daily life (Wang et al. 2019,
2023; Boka, Niu, and Neupane 2024; Wu et al. 2023, 2024).
The earliest works predicted items using collaborative filter-
ing (Liu, Lai, and Lee 2009) or Markov chain-based matrix
factorization methods (He and McAuley 2016a). With the
development of deep learning, many studies have attempted
to model sequential information using various neural net-
work architectures, such as RNNs (Cui et al. 2018; Donkers,
Loepp, and Ziegler 2017), CNNs (Tang and Wang 2018),
GNNs (Zhang et al. 2022, 2024; Ge et al. 2025), and Trans-
formers (Kang and McAuley 2018; Sun et al. 2019; Fan et al.
2022; Tang et al. 2025; Zhang et al. 2023). SASRec (Kang
and McAuley 2018) is one of the classic algorithms in this
area, introducing self-attention into sequential recommen-
dation to analyze the similarity between items, assisting the
model to learn latent transition patterns for recommendation.
STOSA (Fan et al. 2022) enhances stability in sequential
recommendation by modeling item representations as dis-
tributions rather than simple vectors, accounting for the in-
herent uncertainty in item features. In addition to directly
using sequence information and item IDs, some works have
attempted to incorporate more meta-information to improve
the representation of items or users, such as product descrip-
tions, attributes, and user feedback during interactions (Zhou
et al. 2020; Xie, Zhou, and Kim 2022; Kazi et al. 2020).
However, not all forms of meta-information are effective.
On the one hand, not all meta-information has an explicit
correlation with item sequences, often requiring reasoning
to uncover these relationships. On the other hand, incorpo-
rating meta-information means the requirements to deal with
a more diverse set of domain knowledge, which exceeds the
capacity of traditional recommendation models.
LLM-based Recommendation. With the development of
large language models, their powerful reasoning abilities
and extensive domain knowledge have attracted significant
attention. Several studies have attempted to serve LLMs as
recommenders (Bao et al. 2023; Zhang et al. 2025; Bao et al.
2025; Lin et al. 2024; Zheng et al. 2024; Hong et al. 2025;
Wang et al. 2025; Wu et al. 2025), which design prompts or
fine-tune LLMs to obtain domain-specific models suitable
for recommendation tasks. CoLLM (Zhang et al. 2025) im-
proves the recommendation performance by extracting and
translating collaborative information into the textual space
of LLMs. LC-Rec (Zheng et al. 2024) introduces a learnable
item ID and integrates language and collaborative seman-
tics through various tasks to enhance recommender systems.
EAGER-LLM (Hong et al. 2025) takes a further step and in-
corporates both endogenous and exogenous behavioral and
semantic information to assist LLMs recommendation tasks.



Other methods treat LLMs as embedders, utilizing their do-
main knowledge to capture item representations, which are
then passed to downstream recommendation models for fur-
ther processing (Liu et al. 2024; Rajput et al. 2023; Liu et al.
2025). LLM-ESR (Liu et al. 2024) leverages LLMs to cap-
ture embeddings and inputs them into downstream sequen-
tial recommendation models, employing dual-view model-
ing to utilize the rich semantic information. TIGER (Ra-
jput et al. 2023) compresses the representations captured by
LLMs through RQVAE, obtaining semantic IDs which are
then used for training downstream tasks. However, after ex-
tracting semantic IDs, these methods do not involve LLMs
or RQVAE in the recommendation training process. As a re-
sult, the downstream tasks fail to fully capture the complex
semantic information, leading to suboptimal results.
LLM-based Reasoning As parameter scaling surpasses a
certain threshold, the reasoning abilities of LLMs exhibit
significant improvements and deeper potential (Brown et al.
2020; Touvron et al. 2023; Bai et al. 2023). Consequently,
several studies (Wei et al. 2022; Yao et al. 2023; Li 2024;
Zelikman et al. 2022) have attempted to further enhance the
reasoning capacity of models through various techniques,
such as test-time scaling, to make LLM outputs more logical
and accurate. Chain-of-Thought (CoT) (Wei et al. 2022) is
one of the pioneering works. By carefully designing prompts
and meticulously detailing the expected reasoning steps,
CoT guides LLMs through the reasoning process, achiev-
ing remarkable success. Following this, approaches such
as ToT (Yao et al. 2023) and GoT (Li 2024) have intro-
duced further refinements. However, not all tasks come with
abundant data that contains detailed reasoning chains. The
STaR (Zelikman et al. 2022) method addresses this issue
by iteratively training LLMs, allowing the models to se-
lect and augment data autonomously, significantly improv-
ing the performance of LLMs. Nevertheless, STaR still re-
quires an initial dataset with reasoning chains and corre-
sponding reasoning templates first to train the LLM. Latent
Reasoning (Ruan et al. 2025; Saunshi et al. 2025; Geiping
et al. 2025; Zelikman et al. 2025), a novel approach for
test-time scaling, enhances LLM performance on reason-
ing tasks without the need for any pre-existing dataset con-
taining reasoning chains. The Looped Transformer (Saunshi
et al. 2025) provides both theoretical and empirical evidence
that, under certain conditions, latent reasoning can achieve
the same effectiveness as the meticulously designed CoT.
Quiet-STaR (Zelikman et al. 2025) assumes that a latent
thought exists between each pair of adjacent tokens and dy-
namically adjusts the influence of this latent thought on the
final output using parallel generation and learnable weights.

CoderRec
In this section, we present a detailed description of the pro-
posed CoderRec method, which enhances the performance
of the sequential recommendation through latent reason-
ing. The framework of CoderRec is illustrated in Figure 1.
We first introduce the necessary background and define the
notations in the Preliminary. Next, we will describe the
Cross-Scale Model Collaboration approach, which captures
domain-specific latent thoughts and facilitates downstream

recommendation by jointly leveraging information from
large-scale LLMs and small-scale recommendation models.
Following this, we elaborate on the Domain-Specific Latent
Reasoning mechanism and explain how the previously ex-
tracted latent thoughts are utilized to stimulate the reasoning
ability of the LLM and guide the downstream tasks.

Preliminary
In this subsection, we first introduce the sequential recom-
mendation task and define the notations used, followed by
an overview of TIGER (Rajput et al. 2023).

Sequential Recommendation. Suppose we have a set
of items V = {v1, v2, ..., v|V|} and a set of users U =
{u1, u2, ..., u|U|}. For each user u ∈ U , we can organize the
interaction behaviors of that user into a sequence in chrono-
logical order as Iu = [vu1 , v

u
2 , ..., v

u
M ], where vui ∈ V is

the item involved in the i-th interaction of user u, M is the
maximum sequence length. The purpose of sequential rec-
ommendation is to predict the item vt with which a certain
user u is most likely to interact next based on previous inter-
actions |I|.

TIGER. TIGER introduces language models into sequen-
tial recommendation. For each item v ∈ V , it collects tex-
tual information such as the item’s title and brand, denoted
as p, and encodes it into the textual representation space
as hLM = LM(p). This representation is then utilized in
the downstream recommendation task. However, the dimen-
sionality D of the textual space is extremely larger than the
dimensionality d typically required in recommendation sce-
narios. Besides, items often share similar attributes. For ex-
ample, some items may have the same brands. It is unneces-
sary for all item representations to be entirely independent.
Thus TIGER employs RQVAE to compress the representa-
tions {hi

LM}|V|
i=1 and extract semantic IDs.

RQVAE is a kind of vector quantization. It contains
a DNN-based encoder E(·) and decoder D(·). Besides,
there are K vector quantization layers between E and D,
each layer k maintains a codebook Ck = {c1k, c2k, ..., cNk },
represents the residual error of the ground truth value
and the predicted code of the previous layer. Thus, for
each item v, TIGER obtains a K-dimensional semantic ID
[s1, s2, ..., sK ] as follows:

sk = argmin
n

||rk−1 − cnk ||, (1)

rk = rk−1 − cskk , (2)
r0 = E(hLM ). (3)

To prevent codebook collisions, where different items are
assigned the same semantic IDs, TIGER introduces an ad-
ditional dimension to the semantic ID, denoted as sK+1,
which indicates that the item is the sK+1-th item associated
with the given ID [s1, s2, ..., sK ]. Once the semantic IDs of
items are constructed, TIGER uses them as a replacement
for the original item indexes in the downstream sequential
recommendation task and trains an embedder for each di-
mensionality of the semantic IDs.

It can be observed that the downstream task does not di-
rectly receive any information produced by the language
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Figure 1: Framework of CoderRec. The proposed method consists of two main components. To further leverage the reasoning
capabilities and domain knowledge of LLMs, we introduce Latent Reasoning into sequential recommendation. To capture
the domain-specific latent thought of the downstream recommendation tasks, we propose a Cross-Scale Model Collaboration
mechanism. This mechanism enhances the performance of the recommendation model by incorporating information produced
by models at different scales and employing multiple task heads for joint optimization.

model. During the information compression process with
RQVAE, potential information loss may prevents the recom-
mendation model from fully leveraging the rich information
contained in the semantic IDs.

Cross-Scale Model Collaboration
To fully exploit the extensive domain knowledge embedded
in the semantic IDs derived from LLMs, we propose a Cross-
Scale Model Collaboration method. We modify the architec-
ture of the downstream recommendation model and design
a novel auxiliary loss to guide the training process.

In contrast to previous work, we do not discard the origi-
nal item ID information. Instead, we jointly model both the
item ID v and the semantic IDs [sv1, s

v
2, ..., s

v
K+1] as Cross-

Scale IDs to construct item representations. Although se-
mantic IDs have encoded diverse knowledge, the presence
of potential codebook collisions necessitates the addition of
an extra semantic ID dimension as a disambiguation tag.
This means that even completely different items are likely
to share at least 1/(K + 1) same information. In practice,
only K = 3 to 4 RQVAE layers are typically sufficient to
cover the entire item set, which makes the problem more
significant. As a result, it reduces the downstream models’
ability to utilize the semantic information fully and hinders
their capacity to distinguish and recommend diverse items
effectively.

For the sequence I = {(vi, [svi1 , ..., sviK+1])}Mi=1, we first
embed the item IDs using the traditional approach as fol-

lows:

eID = EmbedderID({vi}Mi=1) + epos, (4)

where EmbedderID is the embedder and epos is the position
embedding. For the semantic IDs, we maintain an embedder
of size (K + 1) × N , where N denotes the codebook size.
For each k, the corresponding representation is given by:

ek = EmbedderSEM ({svik }Mi=1 +N × (k − 1)). (5)

Subsequently, we concatenate the representations and ap-
ply a linear Embedding Fuser to obtain the final representa-
tion as:

eu = Fuser([eID, e1, e2, ..., eK+1]), (6)

where e ∈ RM×d, d is the dimension of the hid-
den states. Subsequently, we learn the representations
using a transformer-based architecture and get hu =
Transformer(eu) ∈ RM×d. The representations are ex-
pected to satisfy the following two properties: (i) they are ca-
pable of accurately predicting the next item in the sequence,
and (ii) they could effectively capture the domain knowl-
edge encoded in the semantic IDs by the LLM. To achieve
this, we design two task heads, a recommendation head and
a token prediction head.

For the recommendation head, we first calculate the pre-
dicted scores for items Ru = huE

T
ID, where EID ∈ R|V|×d

is the ID embedding matrix. Thus, the element rui,v of Ru

represents the predicted score of item v at the i-th position



of the sequence. We apply the cross-entropy loss to the rec-
ommendation head as:

Lrec = −Eu∈U,i[log
exp(rui,vi)∑
v∈V exp(rui,v)

]. (7)

For the token prediction head, the purpose is to generate
the semantic IDs of both the current sequence and the next
item, and then reconstruct them using the RQVAE decoder.
This enables the model to improve its capability to recover
the semantic information in the original text space of LLM.
We utilize an MLP as the token prediction head, and the pro-
cess can be formulated as:

[ŝvi1 , ŝvi2 , ..., ŝvi(K+1)] = MLP(hu,i), (8)

ĥvi
LM = D([ŝvi1 , ŝvi2 , ..., ŝvi(K+1)]), (9)

where hu,i is the i-th row of hu. To learn the token prediction
head, we propose the cross-scale representation reconstruc-
tion auxiliary loss as:

Laux =
∑
u∈U,i

[||ĥvi
LM − hvi

LM ||22]. (10)

Domain-Specific Latent Reasoning
At this point, we are able to effectively leverage the com-
plex information encoded in the semantic IDs. However, to
fully exploit the reasoning capabilities of LLMs while lack-
ing data with reasoning chains and enhance the relevance
between the information contained in semantic IDs and the
downstream task, further investigation is still required. In-
spired by Quiet-STaR (Zelikman et al. 2025), we introduce
Domain-Specific Latent Reasoning to the downstream task,
utilizing feedback signals from the recommendation model
as domain-specific latent thoughts to guide and enhance the
recommendation process.

For an item sequence I = {v1, v2, ..., vM}, we treat each
item as a token and assume that the transitions between
items are influenced by a latent thought lm, which serves as
the underlying reason behind a user’s decision to purchase
subsequent items, i.e., v1 ∧ v2 ∧ ... ∧ vm ∧ lm → vm+1. In
traditional LLM training and inference, even we have to cal-
culate the representation hLM ∈ RM×D, only the last row
of the representation hM

LM ∈ RD is used to predict the next
token vM+1, while the other rows are discarded since the
previous M tokens are already determined. This results in
substantial computational waste. However, these representa-
tions, reflecting the model’s predictions under earlier token
conditions vm,m < M , can be viewed as latent thoughts
contributing to the prediction of the next token vm+1.

The basic pipeline is shown in Figure 2. We introduce a
special token < think > to explicitly denote the intention to
perform latent reasoning. The approach recurrently extends
and feeds the sequence into the LLM to obtain more accu-
rate latent thoughts. Following the design of Quiet-STaR,
we adopt a parallel generation strategy to efficiently produce
latent thoughts corresponding to different tokens. The core
idea lies in constructing a carefully designed parallel atten-
tion mask, which ensures that each latent token lmj only has
the attention score with the previous token in the same latent

Item 1 Item 2 Item 3 Target t

Latent 11

Latent 12

…

Latent 21

Latent 22

…

Latent 31

Latent 32

…

Figure 2: Basic pipeline of latent reasoning. For each token
i, latent reasoning utilizes the representation at the corre-
sponding position to predict a sequence of latent thought to-
kens {i1, i2, ...}, which is then used to assist the prediction
of the subsequent token i+ 1.

thought lmj′ , j
′ < j, and the tokens vm′ ,m′ < m. To obtain

high-quality latent thoughts within a limited number of steps
and prevent the LLM’s reasoning from becoming overly di-
vergent, we incorporate feedback representations from the
downstream recommendation tasks ĥLM as domain-specific
latent thoughts to constrain and guide the associative direc-
tion of the LLM.

Additionally, we introduce a Thought Fuser to learn and
integrate the raw outputs of the LLM h, the Latent Thoughts
l, and the Domain-Specific Latent Thoughts ĥLM :

[w1, w2] = MLP([h, l, hLM ]), (11)

ĥ = (1− w1 − w2)h+ w1l + w2hLM . (12)

To ensure training stability in the early stages, we ini-
tialize the Thought Fuser with zeros, which guarantees that
ĥ = h at the beginning. Meanwhile, we apply a loss function
similar to Lrec to guide the LLM’s training and evolution to-
ward the domain-specific direction:

rui,v = ĥhv
LM

T , (13)

LLM = −Eu∈U,i[log
exp(rui,vi)∑
v∈V exp(rui,v)

]. (14)

Training Strategy
Due to the significant gap between the representation spaces
of the recommendation model and the LLM, direct end-to-
end training is not reasonable. Therefore, we first perform
a warm-up stage on the downstream recommendation task,
where the training objective is Lwarm = Lrec + λ1Laux.
Subsequently, we jointly train the recommendation model
and the LLM, with the training objective as L = Lrec +
λ1Laux + λ2LLM . λ1 and λ2 are hyperparameters.

Experiments
We have conducted extensive experiments to show the per-
formance of the CoderRec method. We first give a brief in-



troduction to the experimental setup, followed by the quan-
titative results of the proposed method. Ablation studies fur-
ther demonstrate the effectiveness of each proposed module.

Experiments Settings
Datasets. To ensure a fair comparison, we follow the
dataset selection and pre-processing protocols of previous
works (Rajput et al. 2023; Zheng et al. 2024; Hong et al.
2025). Specifically, we conduct experiments on the Beauty,
Sports, and Instruments of the Amazon dataset (He and
McAuley 2016b; McAuley et al. 2015; Ni, Li, and McAuley
2019) under the 5-core setting, with detailed statistics pro-
vided in Table 2. We evaluate the performance using Re-
call@K and NDCG@K, where K ∈ {5, 10}.
Hyperparameters. We employ the AdamW (Loshchilov
and Hutter 2017) optimizer to optimize the model. For the
optimizer’s hyperparameters, we perform a grid search over
the learning rate lr ∈ {0.01, 0.001, 0.0001}, weight de-
cay λw ∈ {0.01, 0.001, 0.0001}, and weights of auxiliary
losses λ1, λ2 ∈ {0.1, 0.01, 0.001, 0.0001}. For the hyper-
parameters of the model architectures of the sequential rec-
ommendation tasks, we also perform a grid search over the
number of layers nl ∈ {1, 2, 3}, number of attention heads
nh ∈ {1, 2, 4}, dropout rate p ∈ {0.3, 0.4, 0.5, 0.6, 0.7},
and hidden size d ∈ {32, 64, 128}. For all of the datasets,
we set the max length of the sequences as M = 20.
Baselines. Since our method is highly related to sequential
recommendation, LLMs, and reasoning, we select the fol-
lowing baselines for comprehensive comparison:

• SASRec (Kang and McAuley 2018) introduces self-
attention to model item sequences and improves the per-
formance of the sequential recommendation task.

• Bert4Rec (Sun et al. 2019) utilizes a bidirectional trans-
former architecture to predict the next item.

• Sˆ3-Rec (Zhou et al. 2020) utilizes mutual information
maximization to train the recommendation model and
learn the relation between items.

• ReaRec (Tang et al. 2025) introduces latent reasoning to
the transformer-based sequential recommender and uti-
lizes a recurrent manner to learn the reasoning thoughts.

• LLM-ESR (Liu et al. 2024) proposes a dual-view model-
ing approach to assist the LLM-based sequential recom-
mendation task.

• TIGER (Rajput et al. 2023) captures the semantic IDs
from language models with RQVAE, which are then em-
ployed to learn the relevance between items.

• LC-Rec (Zheng et al. 2024) adopts a semantic ID-based
approach for item modeling. In addition, it leverages
the reasoning capabilities of LLMs by designing specific
prompts and predicting user preferences during training,
and employs a multi-task learning framework to assist
the LLM in making recommendations.

• EAGER-LLM (Hong et al. 2025) proposes a decoder-
only framework that integrates with both endogenous and
exogenous behavioral information. Besides, it proposes
an annealing adapter to balance the recommendation per-
formance and the comprehension capabilities of LLMs.

Main Results
We report the recommendation performances of different
methods in Table 1.

Compared to traditional recommendation methods such
as SASRec and Bert4Rec, language model-based ap-
proaches like TIGER and LC-Rec significantly enhance rec-
ommendation performance. This improvement stems from
the fact that the items are diverse and different, potentially
associated with various functionalities, tags, and brand-
related semantic information. Trained on large-scale textual
data, LLMs possess extensive domain knowledge and have
a strong ability to understand such semantic information. It
is beneficial for the recommendation tasks. By employing
Cross-Scale Model Collaboration, our method effectively
leverages the semantic representations encoded in LLMs,
thus achieving superior performance than other baselines.

Appropriate reasoning can enhance the performance of
both large and small-scale models. On the one hand, ReaRec
significantly outperforms traditional sequential recommen-
dation models such as SASRec and Bert4Rec. Even without
leveraging any enhancements from LLMs, ReaRec achieves
performance comparable to advanced LLM-based meth-
ods like TIGER, LC-Rec, and EAGER-LLM on certain
datasets. Meanwhile, LC-Rec and EAGER-LLM design var-
ious prompt templates to enable further reasoning over the
original data. Thus, they can obtain more informative texts
from LLM inference, such as users’ purchasing preferences.
By incorporating these enriched texts into a multi-task learn-
ing framework, they achieve considerably better results than
methods like LLM-ESR and TIGER, which directly extract
information from raw textual data. Our method introduces
domain-specific latent reasoning, enabling the LLM to per-
form self-reflection and infer latent thoughts that guide to-
ken transitions. In addition, we constrain the training process
by the domain-specific knowledge provided by the down-
stream task, ultimately leading to the best performance.

Furthermore, the experimental results of both ReaRec
and our method suggest that latent reasoning, which can be
viewed as a kind of test-time scaling, demonstrates consis-
tent effectiveness for both large and small models. It helps
unlock the inherent potential of the models, thus enhancing
the performance in downstream tasks.

Ablation Studies
Proposed Modules We conduct ablation studies on the
proposed modules using the Beauty dataset, and the results
are presented in Table 3.

It can be observed that all the proposed modules con-
tribute to performance improvements in the sequential rec-
ommendation task. Specifically, the performance drops sig-
nificantly in the case of w/o item ID, indicating that the
domain knowledge captured by large-scale LLMs solely
through semantic IDs is insufficient to fully satisfy the re-
quirements of the downstream task. Nevertheless, w/o item
ID still outperforms the TIGER method, suggesting that
leveraging reconstruction techniques and latent reasoning
can enhance the model’s ability to utilize the domain knowl-
edge embedded in semantic IDs, thereby benefiting sequen-



Dataset Metric SASRec Bert4Rec Sˆ3-Rec ReaRec LLM-ESR TIGER LC-Rec EAGER
-LLM Ours

Beauty

R@5 0.0387 0.0203 0.0387 0.0541 0.0315 0.0454 0.0482 0.0548 0.0607
R@10 0.0605 0.0347 0.0647 0.0743 0.0445 0.0648 0.0681 0.0830 0.0830
N@5 0.0249 0.0124 0.0244 0.0364 0.0224 0.0321 0.0327 0.0369 0.0440
N@10 0.0318 0.0170 0.0327 0.0428 0.0267 0.0384 0.0409 0.0459 0.0511

Sports

R@5 0.0233 0.0115 0.0251 0.0369 0.0166 0.0264 0.0304 0.0373 0.0403
R@10 0.0350 0.0191 0.0385 0.0524 0.0301 0.0400 0.0451 0.0569 0.0595
N@5 0.0154 0.0075 0.0161 0.0255 0.0098 0.0181 0.0196 0.0251 0.0280
N@10 0.0192 0.0099 0.0204 0.0305 0.0141 0.0225 0.0246 0.0315 0.0342

Instruments

R@5 0.0751 0.0671 0.0863 0.0986 0.0803 0.0863 0.0964 0.0991 0.1174
R@10 0.0947 0.0822 0.1136 0.1142 0.1007 0.1064 0.1177 0.1224 0.1355
N@5 0.0627 0.0560 0.0626 0.0850 0.0661 0.0738 0.0819 0.0851 0.0954
N@10 0.0690 0.0608 0.0714 0.0901 0.0722 0.0803 0.0890 0.0926 0.1013

Table 1: The performance comparison between baselines and our proposed CoderRec method. R@K and N@K correspond to
metrics Recall@K and NDCG@K. The best results are highlighted in bold, and the second-optimal results are underlined.

Dataset Users Items Interactions Sparsity

Beauty 22363 12101 198360 0.00073
Sports 35598 18357 296175 0.00045

Instruments 24772 9922 206153 0.00084

Table 2: Statistics of the datasets

Modules R@5 R@10 N@5 N@10

w/o item ID 0.0543 0.0746 0.0387 0.0454
w/o Laux 0.0597 0.0812 0.0426 0.0495

w/o reasoning 0.0600 0.0806 0.0427 0.0494
full 0.0607 0.0830 0.0440 0.0511

Table 3: The effectiveness of each proposed module, where
w/o item ID means performance without using item IDs, w/o
Laux means performance without cross-scale reconstruction
auxiliary loss, and w/o reasoning means performance with-
out domain-specific latent reasoning.

tial recommendation. The results of w/o Laux and w/o rea-
soning also support the observation.

Auxiliary Weights We also analyze the impact of different
auxiliary loss weights proposed in our method on the Beauty
dataset, with the results summarized in Table 4.

It can be observed that all the auxiliary losses have a posi-
tive impact on the performance of the sequential recommen-
dation. However, it is worth noting that when λ2 becomes
too large, the overall performance not only fails to improve
but even degrades. This phenomenon can be attributed to
two primary reasons. First, the LLM space contains abun-
dant domain knowledge, some of which may be irrelevant
to the recommendation task, thereby introducing a seman-
tic gap between the LLM and the recommendation model.
Therefore, when the weights are large, small-scale mod-
els may struggle to distinguish useful information, leading

Weights R@5 R@10 N@5 N@10

λ1 = 0.1 0.0607 0.0830 0.0440 0.0511
λ1 = 0.01 0.0608 0.0825 0.0441 0.0507
λ1 = 0.001 0.0598 0.0813 0.0435 0.0504
λ1 = 0.0001 0.0599 0.0799 0.0437 0.0501
λ1 = 0.0 0.0597 0.0812 0.0426 0.0495

λ2 = 0.1 0.0591 0.0787 0.0430 0.0493
λ2 = 0.01 0.0611 0.0816 0.0442 0.0508
λ2 = 0.001 0.0607 0.0830 0.0440 0.0511
λ2 = 0.0001 0.0602 0.0814 0.0437 0.0506
λ2 = 0.0 0.0600 0.0806 0.0427 0.0494

Table 4: The effectiveness of different auxiliary weights.

to sub-optimal results. Second, from a numerical perspec-
tive, the representations from the LLM have significantly
larger dimensions and value ranges compared to those in the
recommendation space. Consequently, LLM tends to dom-
inate the gradients, potentially destabilizing the optimiza-
tion process. That explains the necessity of the warmup
phase, where we perform reconstruction to align the seman-
tic spaces of large-scale and small-scale models via RQVAE,
thereby enhancing both performance and robustness.

Conclusion
In this paper, we introduce latent reasoning into sequential
recommendation and propose a novel CoderRec framework.
Different from existing methods, CoderRec adopts Cross-
Scale Model Collaboration that jointly leverages the com-
plementary strengths of large-scale LLMs and small-scale
models. Furthermore, we treat the representations learned by
the downstream recommendation model as domain-specific
latent thoughts, which are used to guide the training process
of LLMs for improved recommendation performance. Ex-
tensive experiments demonstrate the superior effectiveness
of our proposed CoderRec framework.
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