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Abstract001

Large language models (LLMs) show poten-002
tial for multi-interest analysis of users in rec-003
ommender systems, going beyond heuristic004
assumptions in existing methods, e.g., co-005
occurring items indicate the same interest. De-006
spite the effectiveness, two key challenges re-007
main. First, the granularity of raw generation of008
LLMs for multi-interests is agnostic, possibly009
leading to overly fine or coarse interest group-010
ing. Second, adopting LLM to analyze individ-011
ual user behaviors lacks a global perspective012
on how items relate across users. In this paper,013
we propose an LLM-driven adaptive and repre-014
sentative multi-interest modeling framework to015
address the challenges. At the user-individual016
level, we exploit LLM analysis and alleviate017
the agnostic granularity by adaptively aggre-018
gating semantic clusters to collaborative multi-019
interests. At the user-crowd level, to mitigate020
the limited insights in individual behaviors, we021
formulate a max covering problem to expand022
the scope of LLM analysis with compactness023
and representativeness, disentangling interest024
representations from global perspectives. Ex-025
periments on real-world datasets show that our026
approach outperforms various baselines.027

1 Introduction028

Recommender systems (RSs) play a crucial role029

in personalized user experience, while modeling030

users’ multi-faceted and dynamic interests remains031

challenging. To bridge this gap, multi-interest032

methods (Li et al., 2019; Zhang et al., 2022) use033

multiple representations for each user to capture034

users’ interest facets behind their behaviors.035

Despite their effectiveness, existing methods of-036

ten rely on heuristic assumptions, such as similar037

items indicate the same interest for users, where038

similarity can be measured through item embed-039

dings (Ma et al., 2020), co-occurrence statistics040

(Du et al., 2024b), or auxiliary information (Chai041

et al., 2022). However, due to the sparsity in user-042

Figure 1: (a) Difference between attribute- and LLM-
driven multi-interest analysis. (b) LLM-driven multi-
interest analysis leads to varying granularity. (c) Indi-
vidual user’s behaviors lack global item relationships.

item interactions and incompleteness in auxiliary 043

data, accurately measuring item similarity and user 044

interests remains a significant challenge. As in 045

Figure 1(a), though the items within the red box 046

belong to the ‘Accessories’ attribute, they signif- 047

icantly differ in functionalities and appeal to dif- 048

ferent user interests. To address these problems, 049

we leverage large language models (LLMs) with 050

their rich knowledge and powerful reasoning capa- 051

bilities, analyzing users’ semantic multi-interests 052

beyond their interaction records and auxiliary in- 053

formation. LLMs can offer semantic guidance for 054

multi-interest extraction, providing more accurate 055

guidance (blue boxes) on multi-interest analysis. 056

Although leveraging LLMs offers a promising 057

way for multi-interest modeling, directly using 058

them as a black-box is not a one-size-fits-all so- 059

lution, as there remain two significant challenges. 060

First, the granularity of LLM-driven multi-interest 061

analysis is agnostic, i.e., overly-fine or overly- 062

coarse item division among users’ behaviors, mak- 063

ing it hard to model their multi-interests accu- 064

rately. As in Figure 1(b), LLMs might categorize 065

interests with overly-fine distinctions among items 066

that should belong to the same interest (‘Shampoo 067

& Conditioner’ in brown), or with overly-coarse 068

groupings that fail to capture interest discrimina- 069
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tion among items (‘Grocery Items’ in red), while070

only the ‘Personal Care Products’ (in blue) is the071

desired or ideal interest. Second, multi-interest072

analysis for individual users lacks a global per-073

spective on item relations across entire population.074

Specifically, relying solely on individual user inter-075

actions analyzed by LLMs, which are inherently076

sparse, may lead to incomplete modeling of multi-077

interests. As in Figure 1 (c), besides the engaged078

items in users’ behaviors connected by red lines,079

there remain multiple non-co-occurring items that080

may also reflect the same user interests.081

To address the first challenge, we guide the LLM-082

driven multi-interest analysis at user-individual083

level using a tailored prompt to cluster each user’s084

interaction sequence into distinct semantic interest085

groups. We then introduce an interpretable align-086

ment module that dynamically aggregates LLM-087

driven semantic clusters and maps them into col-088

laborative interests learned by capsule network. By089

doing so, we adaptively adjust the granularity to fit090

user patterns. For the second challenge, we gener-091

ate synthetic users for LLM-driven analysis at the092

user-crowd level, ensuring the compactness (lim-093

ited number of interests with coherent behaviors)094

and representativeness (covering multiple items).095

We achieve this by clustering real users with simi-096

lar preference and solving a max covering problem097

(MCP) to select synthetic users that span the item098

space. Finally, we introduce contrastive learning099

to encourage item concentration within interests100

and dispersion across interests, enhancing multi-101

interest representations.102

Our key contributions are three-fold. Firstly,103

we propose a novel LLM-driven Adaptive and104

Representative Multi-Interest (LARMI) modeling105

framework to explore semantic information from106

both the user-individual level and user-crowd level,107

for more effective multi-interest recommendation.108

Secondly, We address the issues of LLM’s agnos-109

tic granularity by designing an adaptive alignment110

module and MCP optimization with contrastive111

learning to ensure the compactness and represen-112

tativeness from a global perspective. Thirdly, We113

evaluate the proposed method across three real-114

world datasets to demonstrate its effectiveness in115

multi-interest modeling.116

2 Literature Review117

Single- and Multi-Interest Modeling for Recom-118

mendation. Single-interest modeling in recom-119

mendation include methods built upon recurrent 120

neural networks (Hidasi et al., 2016; Guo et al., 121

2020), self-attention (Kang and McAuley, 2018; 122

Zhang et al., 2019), transformers (Sun et al., 2019; 123

Xia et al., 2021), and graph convolutional networks 124

(He et al., 2020; Wang et al., 2025), but these meth- 125

ods overlook the diversity in user interests. Cur- 126

rent multi-interest modeling methods that adopt 127

capsule networks (Sabour et al., 2017; Li et al., 128

2019; Xie et al., 2023; Tian et al., 2022) solely 129

rely on users’ engaged items. Attention mecha- 130

nisms are also incorporated (Cen et al., 2020; Xiao 131

et al., 2020). Regularization strategies (Zhang et al., 132

2022; Lee et al., 2024) stabilize the learning of mul- 133

tiple embeddings. Diffusion model (Le et al., 2025) 134

and item partition objective (Du et al., 2024b) are 135

applied for interest-aware denoising and enhance- 136

ment. Other methods utilize auxiliary sources such 137

as users’ profiles (Chai et al., 2022), timestamps 138

(Chen et al., 2021), items’ categories (Liu et al., 139

2024), and knowledge graphs (Liu et al., 2022). 140

Large Language Models for Recommendation. 141

LLMs’ success has inspired their incorporation in 142

recommendation pipelines (Wu et al., 2024). LLM- 143

as-recommender methods employ LLMs as scoring 144

functions or rankers. Methods fully fine-tune the 145

LLM parameters (Geng et al., 2022; Qu et al., 2024) 146

or conduct parameter-efficient fine-tuning (PEFT) 147

(Bao et al., 2023; Jiang et al., 2025) bridge the gap 148

between LLMs and recommendation tasks. Non- 149

tuning methods align the recommendation objec- 150

tives for LLMs through zero-shot prompting (Dai 151

et al., 2023; Hou et al., 2024) and in-context learn- 152

ing (Sanner et al., 2023; Bao et al., 2025) strategies. 153

LLM-as-extractor methods apply LLMs for data 154

augmentation. Studies focus on encoding historical 155

behaviors and item attributes produce expressive 156

embeddings (Wang et al., 2024; Harte et al., 2023) 157

to capture complex semantic information. Besides, 158

several methods adopt LLMs to extract additional 159

knowledge such as user profiles (Zheng et al., 2023; 160

Du et al., 2024a), item descriptions (Ren et al., 161

2024; Wei et al., 2024), and other textual data (Mo- 162

hbat and Zaki, 2025) through semantic mining. 163

3 Methodology 164

This section presents LARMI, the proposed LLM- 165

based Adaptive and Representative Multi-Interest 166

modeling framework, which leverages LLM-driven 167

semantics for multi-interest modeling in RSs. We 168

denote the set of M users as U = {u1, · · · , uM} 169
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Figure 2: The overall architecture of our proposed LARMI.

and the set of N items as V = {v1, · · · , vN}.170

Each user ui ∈ U has a sequential behavior se-171

ries sorted by timestamps denoted as s(ui) =172

{vi1, vi2, · · · , viL}, where vij denotes the j-th item173

engaged by the user ui and L is the length of the174

sequence. Besides, we suppose to know item titles175

in s(ui) denoted as t(ui) = {ti1, ti2, · · · , tiL}. Given176

the user’s historical behavior, we aim to generate a177

top-n ranking list containing items that the user is178

likely to engage in the recent future.179

3.1 Model Overview180

For the user-individual level, we employ the LLM181

to analyze sequential behaviors for each user, infer182

distinctive and meaningful semantic multi-interests,183

and adaptively align with collaborative interests184

for proper granularity. For the user-crowd level,185

we synthesize compact and representative users186

with the MCP optimization, and then bridge the187

gap between real and synthesized users to expand188

the LLM analysis scope beyond individual users.189

Figure 2 shows the overall framework of LARMI.190

3.2 User-individual Multi-interest Extraction191

We propose to leverage the semantic knowledge of192

the LLM to guide multi-interest extraction, over-193

coming the limitation of heuristic assumptions such194

as co-occurring items implying the same interest195

of users. Specifically, we prompt the LLM to con-196

duct multi-interest analysis as follows, generating197

distinctive semantic clusters, each representing a198

cohesive set of items with shared characteristics.199

Ci
1, · · · , Ci

F = LLM(pmt, t(ui)), (1)200

where pmt denotes the multi-interest analysis201

prompt. Cif denotes the f -th cluster that contains202

items belonging to the same semantic group by203

Figure 3: Example output for LLM analysis.

LLM for user ui. F is an unknown varying number 204

relying on LLMs’ analysis and reasoning. We show 205

the prompt and example output in Figure 3. 206

Intuitively, different clusters reflect distinct as- 207

pects (e.g., functionality, preference) for the user. 208

However, the granularity of LLM-driven clusters 209

is agnostic, making it uninterpretable and hard to 210

effectively model multi-interests with overly-fine 211

or overly-coarse clusters. To address this, we pro- 212

pose an adaptive alignment module consisting of 213

an attention mechanism and a projection layer. For 214

over-coarse clusters in LLMs’ analysis, we use 215

an attention mechanism to dynamically aggregate 216

the items’ representations in a cluster Cif , allow- 217

ing more specific signals to dominate the cluster 218

and sharpen the encoding. The LLM-driven multi- 219

interest representation is defined as: 220

hi
f =

∑
vj∈Ci

f

αj · vj , αj =
exp(wTvj + b)∑

vk∈Ci
f
exp(wTvk + b)

,

(2) 221

where vj denotes item vj’s learned ID embedding, 222

and w ∈ Rd, b ∈ R are learnable weights. Second, 223

the over-fine clusters can be averaged in the pre- 224
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vious step, and further merged with collaborative225

interests based on their similarity. We use capsule226

network to model the collaborative multi-interests:227

mi
1, · · · ,mi

K = CapsuleNet([vi
1, · · · ,vi

L]), (3)228

where vi
j denotes the ID embedding of the j-th229

item engaged by the user ui, and K is the prede-230

fined number of users’ multi-interests. Then, we231

compute attention scores between pairs of semantic232

and collaborative interest facets for alignment:233

zi
k =

F∑
f=1

αkf ·hi
f , αkf =

exp
(
mi

k · tanh(W1h
i
f )
)∑

f ′ exp
(
mi

k · tanh(W1hi
f ′)

) ,234

where zi
k is the aggregation of the semantic clus-235

ters related to interests mi
k of user ui, αkf is236

the attention score between LLM-derived seman-237

tic clusters hi
f and collaborative interests mi

k,238

W1 ∈ Rd×d is a learnable projection matrix, and239

tanh(·) introduces non-linearity to better capture240

complex cross-representation relationships.241

Therefore, our alignment module allows the clus-242

ter granularity to be adaptively adjusted, where spe-243

cific items can be emphasized through attention244

weights for sharper interest representation for over-245

coarse clusters, while similar attention weights can246

be learned to enable merging over-fine clusters. To247

take advantage of LLM-driven semantics and col-248

laborative signals, we aggregate them as follows:249

oi
k = mi

k + zi
k. (4)250

Thus, we obtain the final hybrid multi-interest rep-251

resentations {oi
1, · · · ,oi

K} for each user ui.252

3.3 User-crowd Multi-interest Extraction253

While user-individual multi-interest modeling254

leverages LLMs for semantic analysis, it lacks a255

representative global perspective. Individual users256

typically interact with only a small subset of items,257

inevitably preventing all related items from being258

grouped to the same interest. To address this, we259

synthesize users with richer behaviors for a more260

comprehensive LLM analysis. However, simply261

synthesizing users through random item selection262

produces dispersed interests and largely increases263

the scale and cost of LLM inference. To this end,264

we propose to synthesize users with the considera-265

tion of compactness and representativeness princi-266

ples. Compactness ensures that synthesized users267

have focused interests, with each containing a co-268

hesive set of semantically related items. Otherwise,269

aggregating unrelated behaviors can lead to frag- 270

mented interests and generate sparse, ineffective 271

interest clusters. Representativeness maximizes 272

the coverage of unique items across all interests. 273

This avoids redundant LLM analysis and enhances 274

the generalization capability to better represent real- 275

world interest diversity by the synthesized users. 276

To achieve compactness for user synthesis, we 277

formulate a max covering problem (MCP) by 278

grouping cliques of users with overlapping pref- 279

erences and combine their behaviors to synthesize 280

a user. Specifically, a clique c(u′
i)

can be generated 281

by clustering similar users w.r.t. a real user ui, i.e., 282

c(u′
i)

=
⋃

ug∈N(ui)

s(ug), (5) 283

whereN(ui) denotes users who share the most over- 284

lapped behaviors to the user ui. Therefore, each 285

clique can be regarded as the union set of items 286

of a compact synthesized user u′i. We allow items 287

to belong to multiple interest clusters, enabling 288

LLM-driven analysis to successfully detect distinct 289

intents. However, prompting LLM for all synthe- 290

sized users leads to redundancy and inefficiency. To 291

this end, we propose selecting representative users 292

for LLM-driven multi-interest analysis. To further 293

achieve representativeness, we select a small por- 294

tion of synthesized users covering as many valuable 295

items as possible across all interests, i.e., 296

max
|B|≤Z,B⊂U′

∑N

j=1
I(vj ∈

⋃
u′
i∈B

c(u′
i)
) · wvj , (6) 297

where U ′ is the set of synthesized users, B is the 298

selected representative synthesized users with max- 299

imal size Z, and wvj is the value for covering item 300

vj . Assuming popular items have higher values be- 301

cause they have more impacts, we formulate values 302

and construct a synthesized user-item interaction 303

matrix A ∈ RM×N based on compactness: 304

wvj = 1+

∑M
i=1 I(vj ∈ s(ui))∑M

i=1 |s(ui)|
, Aij =

{
1 if vj ∈ c(u′

i)
,

0 otherwise,
(7) 305

where each row indicates the behaviors of a synthe- 306

sized user based on the corresponding real user. We 307

then formally formulate Equation (6) into a stan- 308

dard MCP. Specifically, we propose to represent the 309

solution B with an indicator vector x ∈ {0, 1}M , 310

where xi denotes the i-th element of x, showing 311

whether the synthesized user u′i is included in B. 312
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Then, Equation (6) can be reformulated as:313

max
|B|≤Z,B⊂U′

∑N

j=1
I(vj ∈

⋃
u′
i∈B

c(u′
i)
) · wvj

⇔ max
|B|≤Z,B⊂U′

∑N

j=1
I
(∑

u′
i∈B

I(vj ∈ c(u′
i)
)

)
· wvj

⇔ max
|B|≤Z,B⊂U′

∑N

j=1
I
(∑

u′
i∈B

Aij

)
· wvj

⇔ max
x∈{0,1}M ,||x||0≤Z

∑N

j=1
I
(∑M

i=1
xi ·Aij

)
· wvj .

(8)314

To solve the MCP, we adopt a differentiable opti-315

mal transport model to collect the compact and rep-316

resentative synthesized users B following (Wang317

et al., 2022). Given these synthesized users with318

rich behaviors, we propose to trigger the LLM319

to generate distinctive and comprehensive interest320

clusters for each synthetic user u′i ∈ B, i.e.,321

C′i
1, · · · , C′i

F = LLM(pmt, t(u′
i)) (9)322

where t(u′i) represents the titles of items within the323

synthesized user u′i’s behaviors c(u′
i)

, and C′if is the324

f -th cluster generated by the LLM.325

As simply producing multi-interest representa-326

tions of synthesized users has limited impact on327

real users, we leverage their LLM-driven multi-328

interests through contrastive learning to refine item329

distributions, eventually contributing to real users330

bridged by item representations in a global view.331

Specifically, we encourage item similarity within332

the same clusters and dispersion among different333

clusters in the representation space:334

Lcst
u′
i
= −

∑
vj∈c(u′

i
)

∑
vj∗∈C′(vj)

log
e(v

⊺
j ·v∗

j /τ)∑
v′
j∈c(u′

i
)/C

′(vj)

e(v
⊺
j ·v′

j/τ)
,335

where for each synthesized user u′i, C′(vj) denotes336

the cluster which contains the item vj , v∗j denotes337

a positive sample that belongs to one same clus-338

ter as vj , and v′j denotes negative samples that do339

not occur with vj . τ controls the sharpness of the340

similarity distribution. Therefore, for each item in341

an interest cluster, intra-cluster items are positive342

instances, and inter-cluster items are hard negative343

instances. We aggregate the contrastive learning344

for all synthesized users as the overall loss,345

Lcst = − 1

|B|
∑

u′
i∈B

Lcst
u′
i
. (10)346

In summary, we synthesize a compact and rep-347

resentative subset of users with rich behaviors and348

formulate an MCP optimization for LLM-driven349

analysis, enabling global perspective for improved350

multi-interest modeling.351

3.4 Multi-task Objective Function 352

To effectively bridge the adaptive user-individual 353

and representative user-crowd multi-interest mod- 354

eling, we propose a multi-task learning framework. 355

For real users, we employ hard readout to predict 356

user-item score for recommendation: 357

f(ui, vj) = max1≤k≤K

(
oi
k
⊤
vj

)
, (11) 358

where the interest is selected among all interests by 359

the maximum score. For the recommendation task, 360

the objective function can be formulated with the 361

InfoNCE loss as follows: 362

Lrec = −
∑

(ui,vj)∈D

log
exp (f(ui, vj))∑

v′
j∈V exp

(
f(ui, v′j)

) , (12) 363

where D is the training set for user-item interac- 364

tions. For selected synthesized users, we employ 365

contrastive learning in Equation (10) to bridge them 366

with real users through item representation learning 367

to enhance multi-interest modeling. 368

To perform multi-task learning for user- 369

individual and user-crowd multi-interest modeling, 370

our overall objective function aggregates these two 371

goals in a weighted way: 372

L = Lrec + λ · Lcst, (13) 373

where λ controls the trade-off between user- 374

individual and user-crowd multi-interest modeling. 375

As synthesized users usually contain rich behaviors 376

leading to high-computation of contrastive learning, 377

we conduct backpropagation on Lcst every ⌊1/λ⌋ 378

iterations (λ > 0) for efficiency consideration. 379

4 Experiments 380

4.1 Experimental Setup 381

Datasets: We use three subcategories of Amazon 382

Review Data (Ni et al., 2019) with varying scales: 383

Beauty, Books, and Video Games, abbreviated as 384

Beauty, Book, and Game, respectively. All three 385

datasets contain users’ ratings on items with times- 386

tamps and item title information. Following prior 387

studies (Xie et al., 2023; Du et al., 2024b), we filter 388

out users and items with less than 5 records, then 389

we convert ratings as implicit feedback for these 390

three datasets. The statistical details of datasets are 391

summarized in Appendix Table 4. 392

Evaluation Settings: To ensure a fair compari- 393

son, we follow prior studies (Xie et al., 2023), 394

we chronologically split the user interactions with 395

maximum length of 20 into training, validation, 396
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Metrics Pop GRU4Rec LLMBRec MIND ComiRec Re4 REMI DisMIR EIMF LARMI
B

ea
ut

y
R@20 0.0228 0.0349 0.0289 0.0477 0.0367 0.0550 0.0616 0.0702 0.0765 0.0872
N@20 0.0161 0.0180 0.0205 0.0248 0.0176 0.0271 0.0320 0.0364 0.0390 0.0443
H@20 0.0351 0.0454 0.0580 0.0669 0.0500 0.0715 0.0838 0.1057 0.1126 0.1380
R@50 0.0391 0.0452 0.0473 0.0646 0.0519 0.0751 0.0817 0.0955 0.0982 0.1092
N@50 0.0209 0.0186 0.0272 0.0257 0.0194 0.0274 0.0325 0.0433 0.0427 0.0505
H@50 0.0593 0.0613 0.0943 0.0897 0.0702 0.0987 0.1099 0.1360 0.1429 0.1552

B
oo

k

R@20 0.0075 0.0215 0.0187 0.0236 0.0275 0.0298 0.0441 0.0639 0.0722 0.0804
N@20 0.0052 0.0112 0.0132 0.0154 0.0166 0.0187 0.0293 0.0401 0.0413 0.0485
H@20 0.0121 0.0314 0.0311 0.0334 0.0382 0.0420 0.0639 0.1034 0.1060 0.1228
R@50 0.0133 0.0296 0.0256 0.0313 0.0381 0.0425 0.0592 0.0898 0.0951 0.1036
N@50 0.0070 0.0113 0.0148 0.0158 0.0169 0.0194 0.0305 0.0404 0.0443 0.0519
H@50 0.0217 0.0431 0.0538 0.0482 0.0570 0.0630 0.0915 0.1367 0.1436 0.1594

G
am

e

R@20 0.0226 0.0751 0.0661 0.0950 0.0751 0.0967 0.1082 0.1221 0.1172 0.1305
N@20 0.0139 0.0393 0.0420 0.0514 0.0384 0.0533 0.0543 0.0618 0.0604 0.0713
H@20 0.0372 0.1099 0.1137 0.1401 0.1050 0.1465 0.1571 0.1689 0.1593 0.2133
R@50 0.0435 0.1073 0.0849 0.1387 0.1145 0.1409 0.1510 0.1597 0.1571 0.1742
N@50 0.0206 0.0423 0.0445 0.0552 0.0401 0.0558 0.0581 0.0689 0.0627 0.0774
H@50 0.0710 0.1552 0.1576 0.2048 0.1496 0.2007 0.2175 0.2479 0.2315 0.2662

Table 1: Performance comparison of baseline methods and our proposed LARMI on three datasets. The best results
are in bold and the runner-up results are underlined. The improvements are significant on the t-test (p ≤ 0.05).

and test sets by the proportion of 6:2:2 and test397

last 20% items in each sequence. We adopt three398

widely used top-n evaluation metrics, i.e., Recall399

(R), Hit Rate (H), and Normalized Discounted Cu-400

mulative Gain (N), to evaluate all methods with401

n = {20, 50}.402

Baseline Methods: We compare our model403

LARMI with the following baseline methods. Pop404

takes the most popular items as the recommenda-405

tion results. GRU4Rec (Hidasi et al., 2016) models406

sequential behaviors through RNN structure. LLM-407

BRec (Harte et al., 2023) leverages an LLM to408

produce expressive embeddings by the BERT4Rec409

structure. MIND (Li et al., 2019) uses dynamic410

routing with a capsule network for multi-interest411

learning. ComiRec-SA (Cen et al., 2020) allows di-412

versity control and introduces multi-head attention413

to model users’ multi-interests. Re4 (Zhang et al.,414

2022) leverages the backward flow to re-examine415

and regulate interest representations. REMI (Xie416

et al., 2023) introduces interest-aware hard negative417

sampling with routing variation regularization for418

multi-interest learning. DisMIR (Du et al., 2024b)419

formulates an item partition problem to encourage420

items in each group to focus on a discriminated421

interest. EIMF (Qiao et al., 2024) uses an LLM to422

extract similar items for multi-interest modeling.423

4.2 Comparison with Baselines424

From the results in Table 1, we summarize our key425

findings to answer RQ1. First, LARMI consistently426

outperforms baselines across all three datasets,427

highlighting the effectiveness of our LLM-driven428

analysis. In addition, the improvements demon- 429

strate the advantage of integrating LLM analysis 430

with our adaptive and representative multi-interest 431

modeling framework by capturing diverse and 432

meaningful user interests. We mitigate issues of un- 433

interpretable agnostic granularity in LLM genera- 434

tion and the lack of a representative global perspec- 435

tive. Second, we observe that multi-interest base- 436

lines generally outperform single-interest baselines, 437

showing that capturing multiple facets of user inter- 438

ests is beneficial for better results. Third, the supe- 439

rior performance of LARMI over the LLM-based 440

baseline demonstrates that our approach achieves 441

effective and coherent integration of the LLM- 442

driven analysis and conventional multi-interest rec- 443

ommendation methods. Specifically, LARMI out- 444

performs the relatively strong EIMF due to its em- 445

phasis on personalization and the granularity issue. 446

Last, the relatively strong performance of DisMIR 447

shows the positive impact of a global perspective 448

item partition task. However, relying solely on the 449

sparse co-occurrence of items limits the insights 450

about item relationships. In comparison, LARMI 451

produces synthesized users with compact and rep- 452

resentative item subsets by formulating and solving 453

the MCP, thus achieving improvements. 454

4.3 Ablation Studies 455

To validate the effects of key components, we con- 456

duct ablation studies as follows. w/o-sem removes 457

the semantic-based multi-interest modeling with 458

LLM-driven analysis at user-individual level, i.e., 459

hi
f = 0. w/o-col removes the collaborative-based 460
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Metrics w/o-sem w/o-col w/o-com w/o-rep LARMI

R@20 0.0544 0.0604 0.0841 0.0850 0.0872
N@20 0.0272 0.0310 0.0403 0.0425 0.0443
H@20 0.0745 0.0920 0.1310 0.1344 0.1380
R@50 0.0747 0.0889 0.1042 0.1058 0.1092
N@50 0.0285 0.0338 0.0471 0.0479 0.0505
H@50 0.1013 0.1279 0.1473 0.1525 0.1552

Table 2: Ablation study results with best scores in bold.

multi-interest modeling at the user-individual level,461

i.e., oi
k = hi

k. w/o-com removes the compactness462

rule for user synthesis, e.g., MCP formulation and463

user synthesize based on users’ similarities. w/o-464

rep removes the representativeness rule for user465

synthesis. Instead, it randomly selects cliques as466

synthesized users for user-crowd level analysis.467

From Table 2, first, at the user-individual level,468

the lack of semantic multi-interests (w/o-sem) re-469

sults in the worst performance, proving the effec-470

tiveness of LLM-driven analysis in handling the471

limitations of existing multi-interest modeling as-472

sumptions like co-occurring items simply indicat-473

ing same interests. Second, w/o-col also shows474

inferior performance, showing our integration with475

collaborative interests and the alignment module476

is successful in alleviating the agnostic granularity477

issue in LLM-driven multi-interest analysis. Third,478

w/o-com and w/o-rep shows degraded performance,479

indicating that analyzing multi-interests for indi-480

vidual users only provides limited insights. On the481

one hand, generating user cliques from similar pref-482

erences ensures a moderate number of interests for483

synthesized users, thus each containing a rich set of484

cohesive items. On the other hand, the formulated485

MCP is crucial for selecting a representative subset486

that reduces redundancy and enhances represen-487

tativeness. Thus, LARMI achieves representative488

multi-interest modeling by our user-crowd level489

multi-interest extraction.490

4.4 Hyper-parameter Analysis491

4.4.1 Loss Weight and Update Strategy492

Figure 4 investigates the impact of (a) the loss493

weight λ on model accuracy and (b) the training494

time, with an update conducted every ⌊1/λ⌋ it-495

erations. Higher λ (lower ⌊1/λ⌋) usually leads496

to higher model accuracy but requires a signifi-497

cantly longer time for model training. To balance498

effectiveness and efficiency, we suggest selecting499

⌊1/λ⌋ = 100. Generally, we observe that their500

performance improves as λ increases, with only501

slight differences between the two update strate-502

Figure 4: The model performance (a) and training time
(b) with varying loss weights.

Figure 5: Model performance across MCP solve types.

gies when λ ≥ 1× 10−2. Therefore, the efficient 503

update strategy with a proper setting of λ signifi- 504

cantly accelerates the training while maintaining 505

comparable performance. 506

4.4.2 MCP Solver 507

In Figure 5, we test the performance of different 508

solvers in MCP for the multi-interest extraction 509

at the user-crowd level. Specifically, we replace 510

the MCP solver (Wang et al., 2022) with a greedy 511

search of representative synthesized users, L-gre. 512

First, LARMI shows an advantage over L-gre, re- 513

flecting the effectiveness of the MCP solver in se- 514

lecting representative synthesized users. Second, 515

both of the two approaches (LARMI and L-gre) 516

outperform the w/o-rep variant, indicating the ne- 517

cessity of selecting representative synthetic users 518

at the user-crowd level. 519

4.4.3 Number of Interests 520

Table 3 shows the effect of the number of multi- 521

interests K for LARMI, where the optimal number 522

of interests is 4 for Beauty dataset, matching the 523

average numbers of LLM-derived clusters. Results 524

for other two datasets are in Appendix Table 6. 525

Specifically, insufficient interest numbers make it 526

hard to capture the diverse facets of user prefer- 527

ences, while too large interest numbers may lead 528

to overly-fine multi-interest modeling. As a result, 529

we suggest a moderate interest number K = 4 for 530

real-world applications. 531
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Metrics 2 4 6 8

R@20 0.0869 0.0872 0.0847 0.0849
N@20 0.0438 0.0443 0.0423 0.0417
H@20 0.1374 0.1380 0.1295 0.1334
R@50 0.1077 0.1092 0.1009 0.1006
N@50 0.0497 0.0505 0.0469 0.0486
H@50 0.1530 0.1552 0.1523 0.1537

Table 3: LARMI performance of different interest nums.

Figure 6: Positive correlation occurs between LLM
cluster coarseness (x-axis) and the alignment module’s
attention concentration (y-axis).

4.5 Adaptive Granularity Control Analysis532

To empirically validate how our model adaptively533

addresses the agnostic granularity issue with raw534

LLM outputs, we visualize the alignment module’s535

behavior. Specifically, we define cluster coarse-536

ness (x-axis) as the semantic divergence of a raw537

LLM-derived semantic cluster Cif , computed by the538

average pairwise distance of the item embeddings539

within that cluster. Interest Concentration (y-axis)540

measures the sharpening effect of our alignment541

module, which is computed according to the nega-542

tive entropy of the attention distribution aj .543

As shown in Figure 6, there is a strong positive544

correlation between the two metrics, demonstrating545

our module’s adaptive capability. Coarse clusters546

exhibit high attention concentration, indicating that547

the model selectively emphasizes specific items548

within a broad semantic group to filter noise and549

align with the user’s certain interest. Conversely,550

over-fine clusters are effectively merged into a uni-551

fied, broader representation for further alignment552

with collaborative signals. Thus, LARMI success-553

fully mitigates the issue of agnostic LLM seman-554

tics, ensuring multi-interest profiles are dynami-555

cally adjusted to the optimal level of granularity.556

4.6 Case Study557

We illustrate a case study to qualitatively investi-558

gate the effect of our model for multi-interest ex-559

Figure 7: Multi-interest heatmap of baseline method
MIND (a) and our proposed LARMI (b).

traction via LLMs. To visualize the cosine similar- 560

ity between interests and items, we plot the multi- 561

interest heatmap in Figure 7 for a classic baseline 562

MIND and our LARMI model, which corresponds 563

to a user sequence randomly sampled from Beauty 564

dataset containing 17 items across 4 interests. In 565

the heatmap, darker colors indicate higher cosine 566

similarity between interests and items. We notice 567

that the heatmaps with interest ID 2 and 3 in MIND 568

exhibit significant overlap, indicating collapsed 569

facets. Rather than being dominated mainly by 570

one item for each interest, each interest in LARMI 571

contains multiple relevant items, indicating discrim- 572

inated and balanced multi-interest modeling. This 573

improvement validates LARMI’s ability to adap- 574

tively capture diverse and fine-grained interests 575

with the LLM and our model design. 576

5 Conclusion 577

In this paper, we present LARMI, the LLM-based 578

Adaptive and Representative Multi-Interest ap- 579

proach that leverages the semantic knowledge and 580

reasoning skills of LLMs to address critical chal- 581

lenges in multi-interest modeling for recommenda- 582

tion. At the user-individual level, LARMI provides 583

an adaptive solution to the agnostic granularity in 584

raw LLM generations, which merges and aligns se- 585

mantic clusters with collaborative interests. At the 586

user-crowd level, LARMI leverages MCP optimiza- 587

tion and contrastive learning to mitigate the limi- 588

tation in individual user behaviors and extend the 589

scope of LLM analysis to a representative global 590

perspective. Extensive experiments validate the su- 591

periority of LARMI over single- and multi-interest 592

baselines. Further analysis supports the effective- 593

ness of our model design. Future work includes 594

fine-tuning open-source LLMs to align semantics 595

with collaborative behaviors to further improve the 596

scalability for multi-interest modeling. 597
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Limitations598

The limitations in our current framework include599

the following points. First, our method relies on the600

semantic richness of item metadata to prompt the601

LLM for multi-interest analysis. However, it may602

be less effective if the data has noise or incomplete-603

ness, whereas ID-based methods would be unaf-604

fected. Second, our reliance on external APIs may605

be unstable due to changes in backbones. Third, the606

inference cost of querying Large Language Models607

remains higher than traditional lightweight recom-608

mendation models, especially with larger datasets.609
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A Backgrounds862

A.1 Multi-Interest Modeling for863

Recommendation864

Capturing different preference representations of865

users is essential for multi-interest methods. Cap-866

sule networks (Sabour et al., 2017) have gained867

popularity for multi-interest modeling recently (Li868

et al., 2019; Xie et al., 2023). Specifically, the cap-869

sule network CapsuleNet(·) can generate users’870

K-interest representations {m1, · · · ,mK} de-871

rived from their sequential behaviors s(ui), where872

K denotes the pre-defined number of users’ multi-873

interests. The k-th collaborative interest capsule874

mk ∈ Rd is calculated by:875

mk =
∑L

j=1
bjk ·W ·vi

j , k = 1, · · · ,K, (14)876

where vi
j ∈ Rd denotes the embeddings of the j-th877

item in the user ui’s behaviors s(ui), and d denotes878

the dimension of embedding space. W ∈ Rd×d879

is the transformation matrix, and bjk denotes the880

routing weight of item vij to the k-th interest cap-881

sule. The routing weight bjk is calculated by the882

softmax operation of the routing logits gjk that mea-883

sures the similarity between the item embedding884

and squashed vector ek, i.e.,885

ek =
||mk||2

||mk||2 + 1
· mk

||mk||
,

gjk ← gjk + vi
j
⊤ ·W · ek,

bjk =
exp(gjk)∑K
k=1 exp(gjk)

,

(15)886

where the iterative process updates the routing log-887

its gjk and recalculates the routing weights bjk888

based on updated mk.889

A.2 Max Covering Problem890

The max covering problem (MCP) (Khuller et al.,891

1999) is a combinatorial optimization problem,892

widely applied in decision-making under uncer-893

tainty. Given P sets, each set containing an indefi-894

nite number of objects, and Q objects, each object895

associated with a specific value, the MCP aims to896

select a subset of Z sets (Z ≪ P ) such that the897

union of Z sets maximizes the sum of the associ-898

ated values of the covered objects. The problem899

can be formulated as: 900

max
x

∑Q

j=1

(
I
(∑P

i=1
xiAij ≥ 1

)
· wj

)
,

s.t. x ∈ {0, 1}P , ∥x∥0 ≤ Z,
(16) 901

where A ∈ {0, 1}P×Q is the adjacency matrix of a 902

bipartite graph linking the sets and objects, wj ∈ R 903

denotes the j-th object value, I(·) is a condition 904

indicator function, x is the selection outcome, and 905

each element xi is a scalar indicating whether the 906

i-th set is selected in solution. To tackle the MCP, 907

an advanced neural solver encodes the bipartite 908

graph with a three-layer GraphSage model (Hamil- 909

ton et al., 2017), integrates the MCP constraints 910

into a differentiable layer, and then predicts the 911

probabilities of selecting each set. 912

B Model Complexity and Scalability 913

The computational complexity of LARMI comes 914

from (a) LLM-driven inference and (b) multi- 915

interest model training. For (a), assuming the com- 916

plexity for analyzing each user’s behaviors is T , 917

the total cost for user-individual multi-interest ex- 918

traction isO(M ·T ). For user-crowd multi-interest 919

extraction, it takes O(M2) for MCP and O(Z · T ) 920

for LLM-driven analysis, where Z << M . There- 921

fore, the overall complexity for LLM-driven multi- 922

interest analysis isO(M2+M ·T ), which is similar 923

to existing LLM-based recommendation methods 924

(Dai et al., 2023; Hou et al., 2024). Regarding 925

(b), computing collaborative multi-interests takes 926

O(L ·K · d), where L,K, d are sequence length, 927

number of routing facets, embedding dimension. 928

Aligning semantic and collaborative multi-interests 929

also takesO(L ·K ·d). Therefore, the overall com- 930

plexity of user-individual multi-interest learning is 931

O(M · L ·K · d), which is equivalent to existing 932

multi-interest recommendation models (Li et al., 933

2019; Xie et al., 2023). For contrastive learning, 934

it takes O(Z · |c(u′)|
2 · d) for each update, where 935

|c(u′)| is the average number of behaviors for syn- 936

thesized users. To tackle the high computational 937

complexity in contrastive learning, we only update 938

the loss every ⌊1/λ⌋ iteration. In summary, our 939

method matches existing complexity and avoids 940

online latency, thus ensuring scalability. 941

C Supplementary Experimental Results 942

We provide dataset details, implementation details, 943

and experimental results of our ablation study and 944
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Dataset # Users # Items # Interactions Avg Len Density

Beauty 15,097 44,261 100,055 6.63 1.5e-4
Book 99,101 361,002 780,018 7.87 2.2e-5
Game 20,551 27,456 153,541 7.47 2.7e-4

Table 4: Dataset statistics.

Metrics w/o-sem w/o-col w/o-com w/o-rep LARMI

B
ea

ut
y

R@20 0.0544 0.0604 0.0841 0.0850 0.0872
N@20 0.0272 0.0310 0.0403 0.0425 0.0443
H@20 0.0745 0.0920 0.1310 0.1344 0.1380
R@50 0.0747 0.0889 0.1042 0.1058 0.1092
N@50 0.0285 0.0338 0.0471 0.0479 0.0505
H@50 0.1013 0.1279 0.1473 0.1525 0.1552

B
oo

k

R@20 0.0504 0.0585 0.0745 0.0783 0.0804
N@20 0.0319 0.0362 0.0442 0.0461 0.0485
H@20 0.0775 0.0891 0.1153 0.1197 0.1228
R@50 0.0624 0.0740 0.0919 0.0937 0.1036
N@50 0.0352 0.0416 0.0498 0.0510 0.0519
H@50 0.1079 0.1263 0.1507 0.1558 0.1594

G
am

e

R@20 0.0905 0.0934 0.1186 0.1256 0.1305
N@20 0.0430 0.0468 0.0677 0.0695 0.0713
H@20 0.1460 0.1523 0.2012 0.2084 0.2133
R@50 0.1331 0.1405 0.1679 0.1708 0.1742
N@50 0.0481 0.0525 0.0703 0.0750 0.0774
H@50 0.1767 0.1953 0.2560 0.2589 0.2662

Table 5: Ablation study results on Beauty, Book and
Game datasets. The best scores are in bold.

further analysis as follows. Table 4 shows the de-945

tails of datasets, Table 5 shows the full ablation946

study results, and Table 6 shows the performance947

across interest numbers. They follow similar trend948

and can validate our motivations as well as model949

design.950

C.1 Implementation Details951

For a fair comparison, all methods are optimized by952

the Adam optimizer with a batch size of 128 and we953

adopt fixed embedding dimension 64 for all meth-954

ods following (Xie et al., 2023; Du et al., 2024b).955

For all methods, we select the best performance956

by varying the number of interests in {2, 4, 6, 8},957

learning rate in {1e−2, 1e−3, 1e−4}, and weight de-958

cay in {1e−4, 1e−5, 1e−6}. For hyper-parameters,959

we set τ = 0.1 and λ = 0.01 for the contrastive960

loss Lcst. For the MCP solver, we follow the961

same hyper-parameters as suggested in the orig-962

inal paper (Wang et al., 2022). For the LLM963

implementation, we use the gpt-4o as the back-964

bone model with temperature set to 0 for repro-965

ducibility. For other hyper-parameters in base-966

line methods, we follow the authors’ implemen-967

tation if they exist, otherwise we tune them to their968

best according to their performance on the valida-969

Metrics 2 4 6 8

B
ea

ut
y

R@20 0.0869 0.0872 0.0847 0.0849
N@20 0.0438 0.0443 0.0423 0.0417
H@20 0.1374 0.1380 0.1295 0.1334
R@50 0.1077 0.1092 0.1009 0.1006
N@50 0.0497 0.0505 0.0469 0.0486
H@50 0.1530 0.1552 0.1523 0.1537

B
oo

k

R@20 0.0775 0.0804 0.0799 0.0783
N@20 0.0479 0.0485 0.0497 0.0482
H@20 0.1195 0.1228 0.1206 0.1190
R@50 0.1004 0.1036 0.1042 0.0997
N@50 0.0509 0.0519 0.0517 0.0483
H@50 0.1588 0.1594 0.1598 0.1586

G
am

e

R@20 0.1251 0.1305 0.1274 0.1240
N@20 0.0704 0.0713 0.0717 0.0711
H@20 0.2119 0.2133 0.2115 0.2084
R@50 0.1689 0.1742 0.1754 0.1712
N@50 0.0732 0.0774 0.0741 0.0748
H@50 0.2601 0.2662 0.2620 0.2635

Table 6: LARMI performance of different interest nums.

tion set. Our source code is available at https: 970

//anonymous.4open.science/r/LARMI-26A8. 971
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