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Abstract001

Large Language Models (LLMs) have emerged002
as powerful tools for improving recommenda-003
tion systems. The effectiveness of LLMs arises004
from their ability to harness rich textual infor-005
mation and their capacity to model heteroge-006
neous user preferences based on users’ interac-007
tion history. However, due to the large-scale008
and deep architectures, LLM-based sequential009
recommendation approaches generally incur010
high inference costs, resulting in a low return011
on investment. To mitigate this cost, many ex-012
isting approaches resort to using only the first013
few tokens of item descriptions, which inadver-014
tently discards valuable information contained015
in the full text, thereby leading to suboptimal016
recommendation performance. To address this017
limitation, we propose a novel Token Selec-018
tion approach for Preference Optimization in019
LLM-based sequential Recommendation, i.e.,020
TSPORec, which accurately pinpoints informa-021
tive tokens throughout the entire textual con-022
tent to improve recommendation performance.023
Specifically, we design a three-stage pipeline to024
select informative tokens and introduce a novel025
proxy reward to facilitate the implementation.026
TSPORec not only enhances recommendation027
performance but also improves computational028
efficiency. Extensive experiments across two029
models and datasets demonstrate the superb030
performance (up to 31.25%) and efficiency (up031
to 63.4%) of our approach compared with six032
baseline approaches.033

1 Introduction034

Recommendation systems have become indispens-035

able for mitigating information overload across a036

wide range of commercial platforms (Zhai et al.,037

2024; Zhu et al., 2025). A key factor in delivering038

personalized item recommendations lies in accu-039

rately modeling the heterogeneous preferences of040

users. Recently, Large Language Models (LLMs)041

have demonstrated remarkable effectiveness in cap-042

turing such preferences (Kim et al., 2024; Liao043

et al., 2024; Zheng et al., 2024), owing to their vast 044

parameter scales and strong contextual understand- 045

ing. In particular, Sequential Recommendation 046

(SR), which models diverse interests of users based 047

on their recent interaction histories, has proven 048

highly effective in enhancing recommendation per- 049

formance when integrated with LLMs (Chen et al., 050

2024; Liu et al., 2024a; Chen et al., 2025). 051

The goal of SR is to predict the next items a user 052

is likely to prefer by modeling sequential patterns 053

in their historical interactions. A key challenge 054

in this field lies in simultaneously capturing item- 055

level sequential dependencies and modeling the 056

complex and heterogeneous preferences of users 057

derived from these interaction sequences. 058

Owing to the pivotal role in advancing recom- 059

mendation systems, SR has attracted sustained at- 060

tention from both academia and industry (Rendle 061

et al., 2010; Cheng et al., 2013; Chen et al., 2024; 062

Liu et al., 2024a). Existing approaches (Kang and 063

McAuley, 2018; Li et al., 2020; Wu et al., 2020) 064

predominantly leveraged item IDentification (ID) 065

features, overlooking the abundant textual content 066

typically present in real-world settings. Further- 067

more, their reliance on shallow network architec- 068

tures limit their capacity to model the complex and 069

heterogeneous nature of user preferences. 070

Recently, LLMs have emerged as effective so- 071

lutions for overcoming the limitations of previous 072

approaches, demonstrating strong performance in 073

SR tasks (Chen et al., 2024; Liu et al., 2024a; Chen 074

et al., 2025). The core idea behind these approaches 075

is to leverage the rich textual features and power- 076

ful representational capabilities of LLMs to extract 077

robust representations of items and users. For ex- 078

ample, HLLM (Chen et al., 2024) employs sep- 079

arate item and user LLMs, which are based on 080

LLMs such as TinyLlama (Zhang et al., 2024b) or 081

Baichuan (Baichuan, 2023), to learn comprehen- 082

sive item and user representations. 083

However, existing LLM-based SR approaches 084
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are highly resource-intensive. For instance, given085

an interaction history of length S with each item086

represented by n tokens, a single inference step re-087

quires processing S × n tokens, which consists of088

both computation-intensive and memory-intensive089

operations. To mitigate this cost, existing ap-090

proaches (Chen et al., 2024; Liu et al., 2024a) typi-091

cally exploit only the first few tokens of each item,092

failing to fully exploit their rich textual features.093

This limitation raises an important research ques-094

tion: Can we identify and select the most infor-095

mative tokens from textual features to maximize096

information utilization? Addressing this question097

could benefit SR systems in two key ways. First,098

it enables effective usage of critical information099

within the text. Second, it reduces computational100

overhead through compressing the overall token101

sequence length.102

In this paper, we propose a novel token selec-103

tion approach for preference optimization in LLM-104

based Sequential Recommendation, i.e., TSPORec.105

TSPORec is composed of three stages to select106

the most informative tokens from textual features.107

First, we pre-train an SR model based on an LLM.108

Next, we freeze the LLM backbone and attach a109

policy head, which is then trained using a newly110

designed proxy reward function. Using the trained111

policy, we extract informative tokens from item112

texts and subsequently retrain the LLM on the re-113

fined input sequences. We conduct extensive ex-114

periments across six recommendation approaches115

and two publicly available benchmark datasets to116

demonstrate the effectiveness and generality of our117

approach. The key contributions of this paper are118

summarized as follows:119

• We propose a new token selection pipeline120

that automatically identifies informative to-121

kens from textual features. This pipeline122

shows strong generalization across LLMs and123

datasets.124

• We design a novel proxy reward method to125

guide policy learning in an effective and tar-126

geted manner. This method can identify mean-127

ingful token importance, leading to an effec-128

tive policy.129

• Extensive experimental results demonstrate130

the superb performance (up to 29.29% in131

terms of recall and 31.25% in terms of NDCG)132

and efficiency (up to 63.4% inference over-133

head reduction) of TSPORec compared with134

six State-of-the-Art baseline approaches. 135

2 Preliminaries 136

Modern recommendation systems typically repre- 137

sent users and items as learned embedding vec- 138

tors. Let eu and ei denote the embeddings of a 139

user and an item, respectively. In SR, the user em- 140

bedding is derived from their interaction history: 141

eu = g({ei}), where g(·) is commonly a shal- 142

low neural network or a LLM and ei represents a 143

positive item. A positive item ei for User u is an 144

item that User u has interacted with. In this work, 145

we denote the LLM exploited to aggregate item 146

embeddings into a user representation as the user 147

LLM, and the LLM employed to generate item 148

embeddings via token selection as the item LLM. 149

A widely adopted training objective in recom- 150

mendation systems is the InfoNCE loss (van den 151

Oord et al., 2018), as defined in Formula (1): 152

LInfoNCE(ei) = − log
exp(⟨eu, ei⟩)

exp(⟨eu, ei⟩) +
∑N

j=1 exp(⟨eu, e
j
i ⟩)

,

(1) 153

where ⟨·, ·⟩ denotes a similarity measure, i.e., dot 154

product, and {e1
i , . . . , e

N
i } are embeddings of N neg- 155

ative items. Negative items are typically the items 156

that the user has not interacted with. We denote 157

E(ei) =
[
⟨eu, ei⟩, ⟨eu, e

1
i ⟩, . . . , ⟨eu, e

N
i ⟩

]
the vector of 158

similarity scores between the user embedding and 159

the positive item embedding along with N nega- 160

tive items. We take label = [1, 0, . . . , 0] as the 161

corresponding one-hot label vector. The InfoNCE 162

loss can then be equivalently expressed as a cross- 163

entropy objective: 164

LInfoNCE(ei) = LCE

(
softmax(E(ei)), label

)
,
(2) 165

where LCE denotes the Cross-Entropy loss. 166

3 Method 167

In this section, we first formulate the problem to 168

address in this paper. Then, we detail our approach, 169

i.e., TSPORec, including the new token selection 170

pipeline and the novel proxy reward method. 171

3.1 Problem Formulation 172

We study the problem of token selection in LLM- 173

based SR. Given an item represented by a token 174

sequence T = {t1, t2, . . . , tn}, conventional LLM- 175

based approaches typically derive an item embed- 176

ding using only the first k tokens: 177

ei = LLM(t1, t2, . . . , tk), 178
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Stage 3: Retrain LLM Using Selected Item Tokens.

Figure 1: Overview of TSPORec’s Three-Stage Training Pipeline: (1) LLM Pretraining, (2) Token Selection Policy
Learning, (3) Token Selection and Retraining.

where k ≤ n. Instead, we aim to identify an infor-179

mative subset of k tokens, denoted as Tk ⊆ T , and180

feed them to the LLM to compute a refined item181

embedding: e′i = LLM(Tk). Our goal is to en-182

hance downstream recommendation performance183

by leveraging e′i, achieving superior results com-184

pared to those obtained using the original prefix-185

based embedding ei. The selection of Tk is guided186

by a learnable policy, which prioritizes tokens that187

contribute most to user preference modeling. The188

problem addressed in this paper can be formulated189

as maximizing the expected reward:190

max
Tk

R(θ). (3)191

We defer the definition of the reward R(θ) to the192

next section, where it is given in Formula (16).193

3.2 Informative Tokens Selection194

In this section, we detail our approach, i.e.,195

TSPORec. To maximize flexibility, we perform196

informative token identification at the chunk level.197

A chunk is a subset of tokens consisting of several198

consecutive tokens in a token sequence. Specifi-199

cally, we select ⌊k/c⌋ chunks from the token se-200

quence T , where each chunk consists of c consecu-201

tive tokens:202

[
(t11, t

2
1, . . . , t

c
1), . . . , (t

1
⌊k/c⌋, t

2
⌊k/c⌋, . . . , t

c
⌊k/c⌋)

]
,203

where c denotes the predefined chunk size, and ⌊·⌋ 204

is the floor function, which returns the greatest inte- 205

ger less than or equal to its argument. Token-level 206

selection is a special case of this formulation, corre- 207

sponding to c = 1. This chunk-wise strategy allows 208

for controllable granularity in capturing local se- 209

mantic structures for downstream recommendation 210

tasks. As shown in Figure 1, the overall pipeline of 211

TSPORec consists of three stages: Pretraining, To- 212

ken Selection Policy Learning, and Token Selection 213

and Retraining. 214

Pretraining In this stage, we pretrain both the 215

user LLM (denoted as g) and the item LLM (de- 216

noted as f ) employing the InfoNCE loss defined 217

in Eq. (1) to obtain a foundation model that can be 218

leveraged for reward computation. 219

For item LLM pretraining, we append a special 220

[ITEM] token to the end of the textual token se- 221

quence of each item. The item embedding is then 222

extracted as the final-layer hidden state correspond- 223

ing to this [ITEM] token. Specifically, given an 224

input sequence T = {t1, t2, . . . , tk, [ITEM]}, the 225

item LLM produces hidden states: 226

[h1,h2, . . . ,hk+1]. (4) 227

We utilize hk+1, i.e., the representation at the 228

[ITEM] position, as the item embedding. 229
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Token Selection Policy Learning In this stage,230

we introduce our novel token selection policy.231

Given the full set of textual features for all items,232

exhaustively evaluating every possible token sub-233

set is computationally infeasible due to its expo-234

nential time complexity. To mitigate this burden,235

we propose a differentiable proxy reward that ap-236

proximates the utility of a token subset, enabling237

efficient optimization of the selection policy.238

We begin by quantifying the informativeness239

of each token ti through its relevance to the item240

embedding. Specifically, we compute a scalar im-241

portance score, referred to as the info(·), using a242

query-key attention mechanism:243

info(ti) =
⟨WQhi,WKhk+1⟩√

d
, (5)244

where θ = {WQ,WK} denotes a set of learnable245

parameter matrices in Rd×d, and d is the dimension-246

ality of the hidden embeddings. The resulting score247

reflects the alignment between the token represen-248

tation hi and the item-level representation hk+1.249

We then define the probability to select Token ti as250

pi =
exp (info(ti))∑k
j=1 exp (info(tj))

. (6)251

Given a sequence of M items that a user has in-252

teracted with, denoted as IM = {T1, T2, . . . , TM},253

where Tj represents the token sequence of the j-th254

item. We model the joint probability of the interac-255

tion sequence as256

P (IM ) =
M∏

j=1

k∏

ℓ=1

pjℓ, (7)257

where pjℓ is the probability of the ℓ-th token in Tj .258

Based on these definitions, we outline the proce-259

dure for training the policy parameters θ. For each260

token sequence Tj in the interaction history IM261

of a user, we perform two independent sampling262

passes to extract distinct subsets of token chunks,263

yielding two derived sequences denoted T ′
j and T ′′

j .264

This process results in two new token sequence265

sets:266

I ′M = {T ′
1, T

′
2, . . . , T

′
M} (8)267

I ′′M = {T ′′
1 , T

′′
2 , . . . , T

′′
M}. (9)268

Using these sampled sequences, we construct two269

corresponding user embeddings via the pretrained,270

frozen LLM: 271

e′u = gfrozen
(
f frozen(I ′M )

)
(10) 272

e′′u = gfrozen
(
f frozen(I ′′M )

)
. (11) 273

We construct the full item embedding based on the 274

full token sequence as 275

ei = f frozen(IM ). (12) 276

We compute two cross-entropy values by contrast- 277

ing the user embeddings e′u and e′′u with the full 278

item embedding ei, exploiting a set of N negative 279

item embeddings {eji}Nj=1. This yields two cross- 280

entropy values, L1ce and L2ce: 281

L1ce = − log
exp(⟨e′u, ei⟩)

exp(⟨e′u, ei⟩) +
∑N

j=1 exp(⟨e′u, e
j
i ⟩)

(13) 282

L2ce = − log
exp(⟨e′′u, ei⟩)

exp(⟨e′′u, ei⟩) +
∑N

j=1 exp(⟨e′′u, e
j
i ⟩)

. (14) 283

The reward signal r is then defined as: 284

r =

{
1 if L1ce ≤ L2ce,
−1 otherwise.

(15) 285

Our objective is to optimize the policy parame- 286

ters θ by maximizing the expected reward: 287

R(θ) = E
[
r ·

(
logP (I ′M | θ)− logP (I ′′M | θ)

)]
(16) 288

Given the above description of TSPORec, we 289

establish the following theorem: 290

Theorem 1. Under the framework of TSPORec, 291

the following properties hold: 292

• Smaller values of the cross-entropy losses 293

L1ce and L2ce in Eq. (13) and Eq. (14) yield 294

a tighter approximation to the ground-truth 295

preference distribution in terms of KL diver- 296

gence. 297

• Token chunks shared between the two sampled 298

sequences I ′M and I ′′M do not contribute to 299

the gradient updates of the policy parameters 300

θ. 301

• The objective in Eq. (16) increases the like- 302

lihood of selecting informative token chunks 303

while suppressing less informative ones. 304

Proof. We defer the detailed proof to Appendix F. 305

306
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Dataset Method R@5 R@10 R@50 N@5 N@10 N@50 Impr. (avg)

Amazon Books

SASRec 3.38 5.09 11.59 2.24 2.79 4.20 +0.0 %
HSTU 2.88 4.51 11.06 1.89 2.41 3.83 -11.46%

LLMinit 3.29 5.05 11.74 2.18 2.74 4.19 -1.14%
HLLM(random) 3.29 5.17 12.96 2.17 2.77 4.45 +2.14 %

HLLM(topk logits) 3.39 5.34 13.35 2.24 2.86 4.59 +5.36%
HLLM(first-k) 4.16 6.29 14.49 2.80 3.48 5.25 +24.40%

TSPORec (Ours) 4.37 6.55 14.98 2.94 3.64 5.47 +29.86%
Best Impr. 29.29% 28.68% 29.25% 31.25% 30.47% 30.24% N/A

Pixel

SASRec 2.41 3.77 9.63 1.59 2.03 3.29 +0.0%
HSTU 2.14 3.41 8.85 1.40 1.81 2.97 -10.22%

LLMinit 2.65 4.10 10.53 1.73 2.19 3.58 +8.92%
HLLM(random) 2.82 4.39 11.07 1.84 2.34 3.78 +15.71%

HLLM(topk logits) 2.79 4.36 11.02 1.82 2.33 3.76 +14.89%
HLLM(first-k) 2.80 4.41 11.15 1.83 2.35 3.80 +15.88%

TSPORec (Ours) 2.88 4.51 11.20 1.88 2.40 3.85 +18.15%
Best Impr. 19.50% 19.63% 16.30% 18.24% 18.23% 17.02% N/A

Table 1: Performance comparison of various methods on the Amazon Books and Pixel datasets, using Qwen3-
Embedding-0.6B as the backbone model, with text sequences truncated to 64 tokens.

Token Selection and Retraining After optimiz-307

ing the policy parameters, we proceed to select308

informative token chunks as follows. We define309

the probability of a chunk c as P (c) =
∏|c|

i=1 pi,310

where pi denotes the generation probability of the311

i-th token in the chunk, and |c| is the number of312

tokens in c. Chunks with higher probability scores313

according to P (c) are selected. Using this set of314

high-probability chunks, we construct a refined315

dataset and retrain the model on this updated rep-316

resentation to improve both its performance and317

efficiency.318

4 Experiments319

In this section, we first describe the experimental320

setup, followed by a series of comprehensive ex-321

periments designed to evaluate the effectiveness322

and the efficiency of TSPORec. Finally, we present323

a case study that illustrates the specific tokens se-324

lected by TSPORec, providing insights into its op-325

erational mechanism.326

4.1 Experimental Setup327

We conduct a comprehensive evaluation of328

TSPORec against four state-of-the-art baselines:329

(1) traditional ID-based sequential recommenda-330

tion models, such as SASRec (Kang and McAuley,331

2018) and HSTU (Zhai et al., 2024); (2) se-332

mantic initialization methods that leverage large333

language model (LLM)-derived embeddings to334

initialize item ID representations, exemplified335

by LLMinit (Harte et al., 2023); and (3) hi-336

erarchical LLM-based frameworks, specifically337

HLLM (Chen et al., 2024). In addition, to study338

the impact of token selection, we adapt these339

baselines with different token selection policies, 340

resulting in six baseline variants for compari- 341

son. We evaluate our approach on two pub- 342

licly available datasets: the Amazon Book Re- 343

views dataset (McAuley et al., 2015) and the Pixel 344

dataset (Cheng et al., 2023). For backbone LLMs, 345

we employ Qwen3-Embedding-0.6B (Zhang et al., 346

2025b) and TinyLlama-1.1B (Zhang et al., 2024b). 347

Performance is evaluated using Recall@K (R@K) 348

and NDCG@K (N@K). Additional details on the 349

experimental setup are given in Appendix A. 350

4.2 Experimental Results 351

Overall Performance As shown in Table 1, 352

TSPORec significantly outperforms all baseline 353

approaches by a substantial margin. In this setting, 354

input sequences are truncated to 64 tokens, and 355

the Qwen3-Embedding-0.6B model serves as the 356

frozen LLM backbone. For TSPORec, the chunk 357

size is set to 8. On the Amazon Books dataset, 358

TSPORec improves upon SASRec by up to 29.29% 359

in Recall@K and 31.25% in NDCG@K, yielding 360

an average gain of 29.43% across metrics. On the 361

Pixel dataset, it achieves improvements of up to 362

19.63% in Recall@K and 18.24% in NDCG@K, 363

with an average increase of 16.79%. 364

The Importance of Tokens in LLM-based Rec- 365

ommendation Given the significant advances 366

achieved by LLM-based sequential recommenda- 367

tion methods, we investigate the impact of different 368

types of input tokens. Specifically, we compare 369

random tokens, top-k logit tokens, the first k to- 370

kens, and TSPORec. For random tokens, we ran- 371

domly select k tokens from the item text. For top-k 372

logit tokens, we select the k tokens with the high- 373
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est logits. The first k tokens is the default strategy374

employed by many existing methods. In contrast,375

TSPORec selects k tokens using a learned policy.376

As shown in Table 1, TSPORec achieves the377

most significant performance gain by leveraging378

the learned token selection policy, substantially379

outperforming existing token selection strategies.380

On the Amazon Books dataset, randomly selecting381

tokens reduces the performance improvement of382

HLLM from 24.40% to just 2.14%, highlighting383

the critical role of input token selection in LLM-384

based recommendation.385

These results demonstrate that the choice of in-386

put tokens has a profound impact on model ef-387

fectiveness—a factor largely overlooked by prior388

approaches. Surprisingly, the top-k logit tokens do389

not outperform the simple first-k tokens baseline,390

suggesting that more principled token selection391

mechanisms are needed. This limitation may stem392

from the unidirectional nature of standard LLM393

attention, which prevents hidden states from effec-394

tively capturing meaningful collaborative signals395

across the sequence. In contrast, as illustrated in396

Eq. (5), TSPORec leverages a bidirectional scoring397

mechanism. The importance score of each token is398

learned from both (i) the standard attention mecha-399

nism, which encodes semantic meaning, and (ii) the400

pretrained item embedding hk+1, which provides401

a collaborative filtering signal. This dual-source402

design enables TSPORec to jointly capture rich403

semantic information and sequential collaborative404

patterns, thereby facilitating the identification of405

the most informative tokens and ultimately improv-406

ing model performance.407

The Impact of Token Sequence Length in LLM-408

based Recommendation In this section, we fur-409

ther investigate how the length of input tokens im-410

pacts recommendation performance. To this end,411

we conduct extensive experiments with varying in-412

put token lengths, as shown in Figure 2. We denote413

each configuration as Method−k, where k repre-414

sents the number of input tokens used. For instance,415

HLLM-128 indicates the use of the first 128 tokens416

from the input sequence, while TSPORec-64 de-417

notes the selection of 64 tokens according to the418

learned token selection policy.419

As illustrated in Figure 2, on the Amazon420

Books dataset, increasing the token length leads421

to performance improvements for both HLLM and422

TSPORec, suggesting that longer input sequences423

may contain additional informative tokens that ben-424

TokenS It (ms) Ut (ms) Total (ms)

64 299 27 326
128 509 27 536
256 817 26 843

Table 2: Inference time cost during evaluation. TokenS

denotes the length of the input token sequence, It the
inference time of the item LLM, and Ut the inference
time of the user LLM, using Qwen3-Embedding-0.6B.

efit recommendation quality. In contrast, on the 425

Pixel dataset, while moderate increases in token 426

length initially enhance HLLM’s performance, fur- 427

ther lengthening the input sequence eventually de- 428

grades performance. This indicates that not all to- 429

kens contribute positively to recommendations, and 430

including irrelevant or noisy tokens can be detri- 431

mental. This phenomenon further underscores the 432

necessity of effective token selection to improve 433

recommendation performance. Moreover, on both 434

the Amazon Books and Pixel datasets, TSPORec 435

with only 64 selected tokens achieves performance 436

on par with or superior to the corresponding HLLM 437

variants using 256 tokens. These results demon- 438

strate that TSPORec not only enhances recommen- 439

dation accuracy but also improves computational 440

efficiency by enabling effective performance with 441

significantly fewer tokens. 442

The Efficiency of TSPORec To evaluate the im- 443

pact on inference efficiency of TSPORec, we an- 444

alyze the computational cost across varying input 445

sequence lengths. By selecting informative tokens, 446

TSPORec effectively reduces the required input 447

length without sacrificing performance, thereby 448

lowering overall computational overhead. 449

We measure the inference time of LLM on an 450

NVIDIA H100 GPU using the Amazon Books 451

dataset, with a batch size of 32 and an item se- 452

quence length of 10. The results are summarized 453

in Table 2. We observe that the item LLM dom- 454

inates the inference time, and its computational 455

share grows significantly as the input token se- 456

quence length increases. Since TSPORec matches 457

the performance of HLLM using only 64 tokens 458

with HLLM using 256 tokens, it reduces inference 459

cost by 63.4% in scenarios where item embeddings 460

are precomputed offline, and by 61.3% when both 461

the item and user LLMs are served online. 462

The Generalization capability of TSPORec To 463

evaluate the generalization ability of TSPORec, 464

we conduct experiments using a different LLM 465

backbone—TinyLlama-1.1B, as well as a differ- 466

ent downstream SR model, LLMinit (Harte et al., 467
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Figure 2: Performance of HLLM and TSPORec on Amazon Books and Pixel with different token sequence lengths,
using Qwen3-Embedding-0.6B as the backbone model.

Method R@5 R@10 N@5 N@10 Impr.

HLLM 3.99 6.07 2.66 3.33 +0.0%
TSPORec 4.16 6.30 2.78 3.46 +4.12%

Table 3: Performance comparison of HLLM and
TSPORec on the Amazon Books dataset, using
TinyLlama-1.1B as the backbone model, with text se-
quences truncated to 64 tokens.

2023). We compare TSPORec against the HLLM468

variant with the same LLM backbone, and the re-469

sults are presented in Table 3. TSPORec consis-470

tently outperforms HLLM across all Recall and471

NDCG metrics, achieving an average improve-472

ment of 4.12%. Furthermore, as shown in Table 4,473

when TSPORec-selected tokens are used to initial-474

ize LLMinit, the model performance improves by475

3.76%, demonstrating that the selected tokens carry476

informative signals for recommendation. These477

results confirm that TSPORec not only enhances478

downstream performance but also exhibits strong479

generalization across different LLM architectures480

and recommendation models.481

4.3 Case Study482

In this section, we conduct a case study to examine483

the underlying mechanisms of token selection. An484

illustrative example is shown in Figure 3, with ad-485

ditional cases provided in Appendix B for further486

analysis. We compare the tokens selected by the487

first-k strategy and TSPORec on the Pixel dataset.488

As depicted in Figure 3, notable differences exist489

between the two strategies, highlighted in green490

(tokens selected by TSPORec but not by first-k)491

and blue (tokens selected by first-k but not by492

TSPORec).493

We observe that TSPORec removes the text seg-494

Method R@5 R@10 Impr.

LLMinit(first-k) 3.29 5.05 + 0.0%
LLMinit(TSPORec) 3.42 5.23 +3.76%

Table 4: Performance comparison of LLMinit on the
Amazon Books dataset, with different tokens for LLM
embedding generation.
ment “released in the summer of In accordance” 495

and instead selects new content such as “cucum- 496

ber, endless mode, Penny”. The newly selected 497

tokens are predominantly content words—nouns, 498

adjectives, or named entities—that convey specific 499

and semantically rich information about the item. 500

In contrast, the removed tokens consist largely of 501

function words (e.g., prepositions, pronouns, and 502

articles) that carry limited discriminative power. 503

By prioritizing content words, TSPORec enriches 504

item representations with more informative fea- 505

tures, thereby enhancing downstream recommen- 506

dation performance. 507

Figure 4 further illustrates that TSPORec tends 508

to filter out frequent (“hot”) tokens. This behavior 509

is meaningful: hot tokens are shared across many 510

items and thus exhibit low semantic specificity, 511

making it difficult for the user LLM to distinguish 512

between items and learn effective representations. 513

5 Related Work 514

LLM-based SR LLMs possess extensive world 515

knowledge and strong reasoning capabilities, offer- 516

ing two principal advantages for sequential recom- 517

mendation: rich semantic understanding and pow- 518

erful modeling capacity derived from their high- 519

dimensional parameter space. These characteristics 520

enable LLMs to effectively capture complex user 521

behavior patterns and thereby enhance recommen- 522

dation performance (Sun et al., 2024; Zhang et al., 523
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Title: [Official Setting Book] The Story Behind Zombies (II)
Tag: Mobile Games
Description: Plants vs. Zombies is the sequel to Plants vs. Zombies, released in the summer of In accor-
dance with the classic plant defense zombie gameplay based on the addition of energy beans, tactical cu-
cumbers, endless mode, Penny chase and other elements and gameplay, the player will be able to experience
more than a dozen play a variety of space and time maps the game at the same time integrated with real-
time strategy, tower defense battles and card collection and other elements, the player to control the plants
to fend off zombie attacks, to protect the space and time!

Compress the following sentence into embedding:

Title: [Official Setting Book] The Story Behind Zom-
bies (II)
Tag: Mobile Games
Description: Plants vs. Zombies is the sequel to
Plants vs. Zombies, released in the summer of In ac-
cordance with the classic plant defense zombie game-
play based on the addition of energy beans, tactical

Compress the following sentence into embedding:

Title: [Official Setting Book] The Story Behind Zom-
bies (II)
Tag: Mobile Games
Description: Plants vs. Zombies is the sequel to
Plants vs. Zombies with the classic plant defense
zombie gameplay based on the addition of energy
beans, tactical cucumbers, endless mode, Penny

to
k
en

s
6
4
fi
rs
t

TSP
O
R
ec

selected
64

token

Figure 3: Case study on token selection for item “i9019” in the Pixel dataset, with 64 tokens selected by each
method.
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Figure 4: Comparison of token distributions selected by first-k and TSPORec (Ġ is a leading space token).

2024a, 2025a; Qiao et al., 2024; Liu et al., 2024b;524

Xu et al., 2024). In the context of SR, LLM-based525

approaches can be broadly categorized into two526

groups.527

The first category leverages LLMs as semantic528

initializers to enrich ID-based item embeddings529

(Harte et al., 2023; Liu et al., 2024a; Hu et al.,530

2025). A key challenge in these methods arises531

from the dimensional mismatch between the high-532

dimensional LLM embeddings and the typically533

lower-dimensional ID embeddings used in rec-534

ommendation systems. To address this, dimen-535

sionality reduction techniques are commonly em-536

ployed—such as Principal Component Analysis in537

LLMEmb (Liu et al., 2024a) and Singular Value538

Decomposition in AlphaFuse (Hu et al., 2025).539

The second category adopts LLMs in an end-540

to-end manner, where the model directly utilizes541

the LLM and tokenized item sequences to predict542

the next item in the interaction sequence of users.543

HLLM (Chen et al., 2024) demonstrates signifi-544

cant performance improvements over traditional545

methods. This end-to-end integration enables mod-546

eling of both semantic content and collaborative547

signals from user interactions, thereby advancing548

the recommendation performance.549

However, due to computational constraints, only 550

the first portion of the textual description of each 551

item is used. This truncation limits the model’s 552

ability to capture the full richness of the seman- 553

tic information present in longer descriptions, po- 554

tentially leading to suboptimal performance. In 555

contrast, our method selects the most informative 556

tokens from item descriptions. 557

6 Conclusion 558

In this paper, we propose a novel Token Selection 559

approach tailored for LLM-driven Sequential Rec- 560

ommendation systems, i.e., TSPORec. We develop 561

a three-stage workflow. First, we pre-train the foun- 562

dational LLM-based sequential recommendation 563

model to establish a robust baseline. Second, we 564

train a dedicated policy to identify informative to- 565

kens; additionally, a proxy reward function is de- 566

signed to facilitate chunk-oriented token selection, 567

addressing the challenges of granularity in token 568

identification. Finally, leveraging the identified to- 569

kens, we retrain the pre-trained baseline model to 570

optimize its recommendation performance. Com- 571

prehensive experimental results demonstrate the 572

effectiveness (up to 31.25%) and efficiency (up to 573

63.4%) of the proposed method. 574
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Limitations575

The proposed TSPORec employs a three-stage576

pipeline to select the most informative tokens from577

the item’s textual features. While TSPORec sig-578

nificantly improves both recommendation perfor-579

mance and inference efficiency compared to stan-580

dard training methods, it incurs additional training581

time due to Stages 2 and 3. However, this overhead582

is practically acceptable, as models are typically583

trained once and deployed over an extended pe-584

riod—rendering inference efficiency a more critical585

concern than the one-time training cost.586
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A More Experimental Setup807

Dataset #Users #Items #Interactions

Amazon Books 694,898 686,624 10,053,086
Pixel 200,000 96,282 3,965,656

Table 5: Statistics of the Pixel and Amazon Books
Datasets.

In this section, we detail the experimental setup808

used to evaluate our approach.809

We conduct experiments on two publicly810

available datasets: the Amazon Book Reviews811

dataset (McAuley et al., 2015) and the Pixel812

dataset (Cheng et al., 2023). We present the statis-813

tics of the datasets used in Table 5. The Amazon814

Books dataset contains 694,898 users and 686,624815

items, while the Pixel dataset contains 200,000816

users and 96,282 items. Both datasets exhibit high817

sparsity, with user-item interaction densities of818

2.1 × 10−5 and 2.1 × 10−4, respectively. Items819

with missing attributes are filtered out. We adopt a820

leave-one-out evaluation protocol: the most recent821

interaction is used for testing, the second-to-last for822

validation, and all earlier interactions for training.823

Performance is evaluated using Recall@K (R@K)824

and NDCG@K (N@K).825

Following the setup of HLLM (Chen et al.,826

2024), we set the learning rate to 1 × 10−4 for827

all baseline models. HLLM is trained for 5 epochs,828

while other models are trained for up to 200 epochs829

with early stopping to prevent overfitting. We fix830

the number of negative samples at 128 and set the831

maximum sequence length to 10. In the policy832

learning phase, the model is trained for 5 epochs,833

with a learning rate 1× 10−3.834

To investigate the impact of textual input length,835

we truncate item descriptions to 64, 128, and 256 to-836

kens, respectively. For the Amazon Books dataset,837

we use the title and description fields. For the Pixel838

dataset, we utilize the title, tag, and description text839

features. Since starting tokens occupy a distinct840

feature space (Han et al., 2024), TSPORec retains841

the first prefix size to 16 tokens from all sampled842

sequences.843

We train all models on a GPU cluster equipped844

with 8 H100 and 8 A800 GPUs. Each experiment845

is conducted three times, and we report the average846

performance to ensure statistical reliability.847

B Case Study 848

We conduct an additional case study to further ex- 849

amine the token selection behavior of the compet- 850

ing methods. The results for item “i113948” are il- 851

lustrated in Figure 5. Consistent with earlier obser- 852

vations, significant differences are evident between 853

the two strategies: tokens selected exclusively by 854

TSPORec are highlighted in green, while those se- 855

lected only by the first-k strategy are marked in 856

blue, allowing for a fine-grained comparison of 857

their selection patterns. 858

In this instance, TSPORec removes tag-related 859

segments such as “tag: Cover Song” and “Fill 860

in the lyrics cover original song: model original 861

song”, and instead selects the segment “Ronghao 862

Lyrics: Lok Yang, Cold Ashes Singing: Cold test 863

service to play Penglai play”. This selection is 864

semantically meaningful: for a music item, meta- 865

data about the lyricist and composer provides more 866

concrete, fine-grained, and discriminative signals 867

than generic categorical tags. By prioritizing such 868

specific metadata, TSPORec enriches the item rep- 869

resentation, thereby improving downstream recom- 870

mendation performance. 871

As shown in Figure 6, consistent with the previ- 872

ous case study, TSPORec tends to filter out high- 873

frequency tokens. This behavior encourages the 874

item LLM to learn more discriminative embed- 875

dings, as frequent tokens often carry less item- 876

specific semantic information. Please note that, 877

whereas Figure 4 shows the token distribution 878

across the full set of text features, Figure 6 depicts 879

the distribution of token counts in the selection re- 880

sults. The results reveal that—under both counting 881

metrics—the proposed method consistently filters 882

out frequent (“hot”) tokens. 883

C More Experimental Results 884

The Impact of Training and Selection Chunk 885

Sizes Since the training and selection chunk sizes 886

may differ, we conduct an ablation study to inves- 887

tigate the impact of training and selection chunk 888

sizes on recommendation performance. we denote 889

each configuration as TSPORec-Tk1Sk2, where the 890

model is trained with chunk size k1 and performs 891

token selection during inference with chunk size 892

k2. We evaluate TSPORec on the Amazon Books 893

dataset using an input sequence length of 128 to- 894

kens. The results, shown in Figure 7, demonstrate 895

that: (1) across all configurations, the proposed 896

TSPORec consistently outperforms the HLLM 897
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Title: [Cold Embers] Sword three to Penglai friendly land blessing of the new sect on the line
Tag: Cover Song
Description: Fill in the lyrics cover original song: model original song: Li Ronghao Lyrics: Zhou Yaohui
Composer: Li Ronghao Lyrics: Lok Yang, Cold Ashes Singing: Cold Ashes Late: Cold Ashes POV: Lok
Yang Inspiration: Geng Zhi Men to the former in the test service to play Penglai play my blackout, special
issue this song, congratulations on the new sect Penglai is about to go on line oh yes, or to say a little bit,
I’m not Cold Ashes, Cold Ashes in the b station’s id is called the mountains are warm and the wind is light
I’m not cold ashes I’m not cold ashes I’m not cold ashes I’m not cold ashes I’m not cold ashes he opened
the live broadcast I’m not opening live broadcast I’m going to go to his live room occasionally and his play
the game chirp chirp chirp chirp chirp chirp chirp chirp chirp!

Compress the following sentence into embedding:

Title: [Cold Embers] Sword three to Penglai friendly
land blessing of the new sect on the line
Tag: Cover Song
Description: Fill in the lyrics cover original song:
model original song: Li Ronghao Lyrics: Zhou Yaohui
Composer: Li

Compress the following sentence into embedding:

Title: [Cold Embers] Sword three to Penglai friendly
land blessing of the new sect on the lin
: Zhou Yaohui Composer: Li Ronghao Lyrics: Lok
Yang, Cold Ashes Singing: Cold test service to play
Penglai play

to
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en

s
6
4
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O
R
ec
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Figure 5: Case study on token selection for item “i113948” in the Pixel dataset, with 64 tokens selected by each
method.

baseline by up to 3.54%, indicating robustness to898

varying parameter settings.899

(2) On average, TSPORec-T16S1, TSPORec-900

T16S8, TSPORec-T16S16, and TSPORec-T16S32901

outperform HLLM by 3.54%, 2.15%, 2.54%, and902

0.53%, respectively. A general downward trend903

in performance is observed as the selection chunk904

size increases, indicating that smaller chunks yield905

more effective token selection. We further validate906

this trend using top-k logit-based selection, with907

results presented in Table 7. The consistent perfor-908

mance degradation with larger chunk sizes across909

both methods suggests a shared preference for finer-910

grained selection units. This observation further911

implies that the limited effectiveness of top-k logit912

selection may stem from its unidirectional nature,913

rather than from disruptions to semantic sentence914

structure.915

Training Time Since TSPORec employs a three-916

stage training pipeline, we report the training time917

for each stage in Table 6. The model is trained on a918

GPU cluster equipped with 8 NVIDIA H100 GPUs.919

Due to the additional stages, TSPORec requires920

approximately 21.5 hours more than a single-stage921

baseline. This overhead is acceptable in practice,922

as the full training procedure is performed only923

once and the resulting model is deployed for an924

extended period.925

D More Related Work 926

D.1 Sequential Recommendation (SR) 927

Sequential recommendation (SR) captures the di- 928

verse preferences and evolving interests of users 929

by modeling their recent interaction sequences (Hi- 930

dasi et al., 2015; Tan et al., 2016; Zhou et al., 2019; 931

Kang and McAuley, 2018; Li et al., 2020; Wu et al., 932

2020; Zhai et al., 2024; Harte et al., 2023; Chen 933

et al., 2024). 934

Traditional SR Traditional sequential recom- 935

mendation methods primarily focus on enhanc- 936

ing neural architectures to more accurately model 937

users’ diverse interests. Representative examples 938

include Caser (Tang and Wang, 2018), SASRec 939

(Kang and McAuley, 2018), BERT4Rec (Sun et al., 940

2019), CLS2Rec (Xie et al., 2021), and CoSeRec 941

(Liu et al., 2021). While effective, these approaches 942

often struggle to scale to large parameter counts. 943

To address this limitation, generative recommen- 944

dation methods such as DreamRec (Yang et al., 945

2023) and HSTU (Zhai et al., 2024) have been 946

proposed, which are inherently scalable to larger 947

models. However, these generative approaches typ- 948

ically fail to leverage the rich semantic knowledge 949

pre-encoded in pre-trained LLMs, thereby limiting 950

their potential to further improve recommendation 951

performance. In contrast, our proposed TSPORec 952

effectively harnesses the full semantic knowledge 953

embedded in pre-trained LLMs, enabling more ac- 954

curate sequential recommendations. 955
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Figure 6: Comparison of token distributions selected by first-k and TSPORec.
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Figure 7: Performance of HLLM and TSPORec on Amazon Books with different training and selection chunk sizes,
using Qwen3-Embedding-0.6B as the backbone model.

D.2 Prompt Engineering and Preference956

Optimization957

Prompt Engineering A substantial body of re-958

search shows that fine-grained control over individ-959

ual tokens can unlock more intelligent, efficient,960

and trustworthy LLM applications, even under con-961

strained token budgets (Lester et al., 2021; Li and962

Liang, 2021; Zhao et al., 2025; Deng et al., 2022).963

Prompt Tuning (Lester et al., 2021) and Prefix-964

Tuning (Li and Liang, 2021) operate in the model’s965

continuous embedding space, using gradient-based966

optimization to learn effective prompt represen-967

tations. RL-Prompt (Deng et al., 2022) reformu-968

lates discrete prompt optimization as a reinforce-969

ment learning problem, where token sequences are970

selected to maximize task-specific rewards. The971

method achieves strong performance across a range972

of NLP tasks and intriguingly reveals that optimal973

prompts often deviate from standard grammatical 974

conventions to enhance effectiveness. In contrast 975

to these methods—which optimize prompts to steer 976

model outputs—our work focuses on identifying 977

informative tokens directly from the input. 978

Preference Optimization Preference optimiza- 979

tion aims to align large language models (LLMs) 980

with human preferences and values. Direct Pref- 981

erence Optimization (DPO) (Rafailov et al., 2023) 982

is a representative method that increases the like- 983

lihood of outputs preferred by humans while de- 984

creasing the likelihood of disfavored ones. DPO 985

has inspired numerous follow-up studies (Meng 986

et al., 2024; Gheshlaghi Azar et al., 2024; Lu et al., 987

2024; Ethayarajh et al., 2024; Hong et al., 2024). 988

Unlike these approaches, our method does not mod- 989

ify the output probability distribution of LLMs. In- 990

stead, we adjust token-level probabilities in the 991

14



Stage 1: Pretraining Stage 2: Token Selection Policy Learning Stage 3: Token Selection and Retraining

13h 49m 1s 8h 56m 24s 12h 40m 52s

Table 6: Training time of TSPORec for each stage.

Method R@5 R@10 Impr. (avg)

HLLM-64-S1 3.39 5.34 +0.0%
HLLM-64-S8 3.16 5.03 -6.29%

Table 7: Performance comparison of HLLM with top-k
token selection under different selection chunk sizes on
the Amazon Books dataset, using Qwen3-Embedding-
0.6B as the backbone and truncating text sequences to
64 tokens.

input space to identify which input segments, when992

emphasized, can enhance downstream recommen-993

dation performance.994

E Algorithm Framework995

We present the pseudocode of TSPORec in Algo-996

rithm 1. TSPORec consists of three main stages.997

In Stage 1, an LLM-based recommendation model998

(e.g., HLLM) is pretrained on user-item interaction999

data using textual features. In Stage 2, the LLM1000

backbone is frozen, and a policy head is introduced;1001

TSPORec then learns a token selection policy using1002

the proposed proxy reward. In the final stage, the1003

learned policy is applied to select the most infor-1004

mative tokens from the dataset, and the base model1005

is retrained on the refined item representations.1006

F Proof1007

Theorem 1. Under the framework of TSPORec,1008

the following properties hold:1009

• Smaller values of the cross-entropy losses ce11010

and ce2 in Eq. (13) and Eq. (14) yield a tighter1011

approximation to the ground-truth preference1012

distribution in terms of KL divergence.1013

• Token chunks shared between the two sampled1014

sequences I ′M and I ′′M do not contribute to1015

the gradient updates of the policy parameters1016

θ.1017

• The objective in Eq. (16) increases the like-1018

lihood of selecting informative token chunks1019

while suppressing less informative ones.1020

Proof. Let L = −R(θ).1021

Algorithm 1: The TSPORec pipeline
Input :Training Instances: D0, Number of

Epochs: U , Initial Model: π0.
Output :Final Model: πU , Updated

Training Instances: DU

// Pretrain LLM-based
recommendation model π1

1 π1 ← π0
2 for i← 1 to U do
3 x ∼ D0 // Sample training

data from D0

4 π1 ← UPDATE(π1,x)

5 end
// Freeze the LLM backbone and

initialize the policy head.
6 πθ ← FREEZE-AND-INIT-POLICY(π1, θ)
7 for i← 1 to U do
8 x ∼ D0 // Sample training

data from D0

9 s0 ∼ πθ(x) // Sampling Item
Tokens.

10 s1 ∼ πθ(x)
11 c0 ← CROSS-ENTROPY(s0, π1)
12 c1 ← CROSS-ENTROPY(s1, π1)
13 r = COMPUTE-REWARD(c0, c1)
14 πθ ← UPDATE(πθ, r)

15 end
16 DU ← SELECT(πθ,D0)
17 πU ← π0
18 for i← 1 to U do
19 x ∼ DU // Sample training

data from DU

20 πU ← UPDATE(πU ,x)

21 end
22 return πU ,DU
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(1) We denote the preference distribution asso-1022

ciated with e′u as p′, that associated with e′′u as1023

p′′, and the ground-truth preference distribution as1024

q. By definition, the Kullback–Leibler (KL) diver-1025

gences are given by1026

KL(q ∥ p′) =
∫

q(x) log
q(x)

p′(x)
dx (17)1027

= ce1 −H(q), (18)1028

and1029

KL(q ∥ p′′) =
∫

q(x) log
q(x)

p′′(x)
dx (19)1030

= ce2 −H(q), (20)1031

where H(q) = −
∫
q(x) log q(x) dx denotes the1032

entropy of q.1033

Since H(q) is constant with respect to the model1034

parameters, the comparison between ce1 and ce2 is1035

equivalent to the comparison between KL(q ∥ p′)1036

and KL(q ∥ p′′). In other words, a smaller cross-1037

entropy value corresponds to a tighter approxima-1038

tion of the ground-truth preference distribution in1039

terms of KL divergence.1040

(2) Assume there exists a common chunk C1041

shared between P1 = P (I ′M | θ) and P2 =1042

P (I ′′M | θ). The gradient of the loss with respect1043

to C is given by:1044

∂L
∂C

= −r∂(logP1 − logP2)

∂C
1045

= −r∂(logP1(C)− logP2(C))

∂C
+ 01046

= 0 (21)1047

Hence, the gradient ∂L
∂C vanishes.1048

(3) If ce1 < ce2, indicating that the sequence1049

associated with P1 = P (I ′M | θ) yields lower1050

cross-entropy than P2 = P (I ′′M | θ) and is thus1051

more informative, we set the reward r = 1. In this1052

case, the optimization objective is:1053

L = logP2 − logP1 (22)1054

Minimizing Eq. (22) increases the likelihood of P11055

while decreasing that of P2.1056

Conversely, if ce1 > ce2, implying that P2 cor-1057

responds to the more informative sequence, we set1058

r = −1. The resulting loss becomes:1059

L = logP1 − logP2 (23)1060

Minimizing Eq. (23) promotes P2 and suppresses1061

P1.1062

In both scenarios, the training objective effec- 1063

tively increases the probability of the more informa- 1064

tive sequence, thereby guiding the policy network 1065

to select token chunks that preserve semantically 1066

salient information. 1067
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