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Abstract
Knowledge distillation has become a prevalent1

technique for deploying efficient recommender2

systems, enabling lightweight student models to3

approximate the performance of larger teachers.4

However, we identify a critical issue: distillation5

systematically amplifies popularity bias, as student6

models inherit and intensify the popularity-driven7

shortcuts encoded in teachers trained on interaction8

data dominated by popular items. To address this9

limitation, we propose GUIDE (Geodesic aware10

Unbiased Instructive Distillation with Experts), a11

collaborative distillation framework that incorpo-12

rates domain-specific debiasing experts alongside13

the global teacher. GUIDE tackles two key chal-14

lenges in this paradigm. First, for expert rout-15

ing, we introduce Spherical Expert Alignment,16

which conducts expert-student matching on the17

spherical manifold with geodesic distance opti-18

mization, eliminating magnitude-induced bias and19

ensuring stable gradient flow. Second, for con-20

text fusion, a Meta-Debiasing Gate is designed21

to dynamically arbitrate teacher-expert influence22

using real-time context via end-to-end amortized23

meta-learning. Extensive experiments on multiple24

real-world datasets demonstrate that GUIDE sig-25

nificantly mitigates popularity bias while preserv-26

ing recommendation accuracy, with state-of-the-art27

trade-offs among efficiency, accuracy, and fairness.28

1 Introduction29

Recommender systems have become indispensable infras-30

tructure for modern online platforms, serving as the primary31

mechanism through which users discover products, content,32

and services aligned with their preferences [Deldjoo et al.,33

2024]. By filtering the overwhelming volume of available34

options into personalized suggestions, these systems signifi-35

cantly enhance user experience across diverse domains such36

as e-commerce, streaming media, and social networks [Park37
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Figure 1: (Top) Recall@10 comparison on popular/unpopular items.
Relative improvements over the base Student (directly learned from
the data) reveal that standard distillation amplifies popularity bias.
(Bottom) The proposed GUIDE dynamically fuses knowledge from
global and expert teachers to balance accuracy and fairness.

et al., 2026; Gao et al., 2023]. As data volume and item diver- 38

sity continue to scale exponentially, system designers face an 39

increasingly critical trade-off between recommendation accu- 40

racy and computational efficiency [Zhang et al., 2019]. 41

Knowledge Distillation (KD) has emerged as a widely 42

adopted paradigm to address this efficiency challenge [Kang 43

et al., 2020]. By transferring knowledge from a computation- 44

ally expensive teacher model to a lightweight student model, 45

KD enables the deployment of compact recommenders that 46

retain much of the predictive capability of their larger coun- 47

terparts while satisfying stringent latency requirements [Lee 48

et al., 2019; Kweon et al., 2021]. This approach has demon- 49

strated remarkable success across various recommendation 50

architectures, from collaborative filtering to sequential mod- 51

els [Sarwar et al., 2001; Kang et al., 2021]. However, we 52

identify a critical yet underexplored issue: knowledge dis- 53

tillation systematically amplifies popularity bias in the stu- 54



dent model. Popularity bias, where models disproportion-55

ately favor frequently-interacted items at the expense of long-56

tail content, is already pervasive in recommender systems57

trained on implicit feedback [Oestreicher-Singer and Sun-58

dararajan, 2012; Abdollahpouri et al., 2019]. Our empir-59

ical investigation reveals that this bias is not merely pre-60

served but substantially magnified during the distillation pro-61

cess. We argue that the root cause lies in the reliance on62

a single global teacher trained on complete interaction data63

that is inherently dominated by popularity patterns. Figure 164

shows KD improvements are driven by popular items at the65

expense of unpopular ones. By mimicking such a teacher,66

the student internalizes and amplifies these popularity-driven67

shortcuts, resulting in reduced exposure diversity and ex-68

acerbated unfairness toward niche items [Lee et al., 2019;69

Tang and Wang, 2018].70

To address this limitation, we propose GUIDE (Geodesic-71

aware Unbiased Instructive Distillation with Experts), a novel72

framework that augments conventional single-teacher distil-73

lation with collaborative guidance from domain-specific de-74

biasing experts. Our key insight is that while the global75

teacher provides comprehensive knowledge essential for ac-76

curacy, targeted experts trained on strategically partitioned77

data subsets can serve as corrective signals that counteract78

popularity bias. Specifically, we partition the original inter-79

action data into multiple subsets based on item popularity80

strata and train specialized expert models in parallel. Dur-81

ing distillation, the student model learns not only from the82

global teacher but also from these experts, enabling balanced83

knowledge acquisition that promotes both accuracy and fair-84

ness. However, transitioning from single-teacher distillation85

to this collaborative teacher-expert paradigm introduces two86

fundamental challenges:87

• Expert Routing: How to select the most appropriate ex-88

pert for each prediction context? A natural approach89

measures expert-student similarity via cosine or inner90

product in Euclidean space [Koren et al., 2009]. How-91

ever, embedding norms encode popularity-correlated in-92

tensity information, as popular items naturally exhibit93

larger magnitudes due to more frequent gradient up-94

dates [Zhu et al., 2021; Wang et al., 2017]. This causes95

the student to be attracted to high-norm experts rather96

than semantically aligned ones. While post-hoc ℓ2 nor-97

malization offers an implicit remedy, it remains geomet-98

rically imprecise and optimization-unfriendly.99

• Context Fusion: How to dynamically balance knowl-100

edge from the teacher and experts based on varying user-101

item characteristics? Static fusion weights are funda-102

mentally inadequate, since susceptibility to popularity103

bias varies substantially across user-item contexts de-104

pending on user engagement diversity, item popular-105

ity characteristics, and interaction patterns [Han et al.,106

2024; Abdollahpouri et al., 2021]. Determining appro-107

priate debiasing intensity requires real-time contextual108

reasoning rather than a fixed arbitration strategy.109

To tackle Expert Routing, we propose Spherical Expert110

Alignment, which conducts expert-student matching directly111

on the spherical manifold Sd−1, ensuring that all compar-112

isons reflect pure directional similarity free from magnitude 113

contamination. Crucially, we optimize geodesic distance 114

rather than cosine angle: cosine-based gradients scale with 115

sin(θ) and vanish as θ → 0, whereas geodesic gradients re- 116

main linear in θ, enabling stable optimization even when stu- 117

dent and expert representations are closely aligned. 118

To address Context Fusion, we design a Meta-Debiasing 119

Gate, a lightweight gating network that ingests contextual 120

features such as user history diversity, item popularity per- 121

centile, and interaction density. The gate outputs a dynamic 122

fusion weight α ∈ [0, 1] that arbitrates the balance between 123

teacher and expert influence. It is trained end-to-end via 124

amortized meta-learning to explicitly optimize for both ac- 125

curacy and debiasing effectiveness. 126

Our main contributions are summarized as follows: 127

• We identify the phenomenon of popularity bias amplifica- 128

tion in knowledge distillation and propose GUIDE, a col- 129

laborative distillation framework that integrates domain- 130

specific debiasing experts alongside the global teacher to 131

enable accuracy-fairness balanced knowledge transfer. 132

• We introduce Spherical Expert Alignment for geometry- 133

aware expert routing and Meta-Debiasing Gate for context- 134

aware dynamic fusion, addressing the challenges of expert 135

selection and adaptive knowledge arbitration respectively. 136

• Extensive experiments on real-world datasets demonstrate 137

that GUIDE significantly mitigates popularity bias while 138

maintaining competitive accuracy, achieving state-of-the- 139

art trade-offs among efficiency, accuracy, and fairness. 140

2 RELATED WORK 141

2.1 Knowledge Distillation for Recommendation 142

Knowledge Distillation (KD) enhances recommender sys- 143

tems by transferring knowledge from intermediate layers 144

[Romero et al., 2015], privileged features [Xu et al., 2020], 145

or structured graphs [Zhang et al., 2020]. Beyond efficiency 146

[Zhu et al., 2020] and collaborative learning [Gou et al., 147

2024], KD is widely applied to mitigate biases. For in- 148

stance, [Liu et al., 2020] and UKDRec [Yang et al., 2025] 149

leverage counterfactual data and multi-teacher frameworks 150

for debiasing. UNKD [Chen et al., 2023a] and [Ding et 151

al., 2022] address popularity bias and model fusion, respec- 152

tively. Research also optimizes distillation losses, ranging 153

from ranking-based top-N selection [Tang and Wang, 2018] 154

and instance construction [Lee et al., 2019] to list-level losses 155

[Kang et al., 2020], extending to heterogeneous graph inte- 156

gration [Tao et al., 2022; Wang et al., 2021]. 157

2.2 Bias in Recommendation 158

Recommendation bias arises from user behavior and feed- 159

back loops [Chen et al., 2023b]. Mitigation strategies typ- 160

ically employ IPS [Joachims et al., 2018; Li et al., 2023; 161

Schnabel et al., 2016], Doubly Robust methods [Song et al., 162

2023], or causal graphs [Liu et al., 2021; Liu et al., 2023; 163

He et al., 2022] on biased data [Ning et al., 2024; Zhang 164

and Shen, 2023], or leverage unbiased data via meta-learning 165

[Chen et al., 2021] and distillation [Liu et al., 2020]. Beyond 166

data, architectures [Lin et al., 2019] and optimizers [Tang et 167



al., 2020] contribute to bias. Notably, KD itself can aggravate168

popularity bias [Chen et al., 2023a]: a teacher model trained169

on skewed data transfers inherent biases to the student, un-170

dermining debiasing efforts [Yang et al., 2025].171

3 Preliminaries172

3.1 Problem Formulation173

Let U = {u1, u2, . . . , uM} denote the set of M users and174

I = {i1, i2, . . . , iN} denote the set of N items. The user-175

item interaction matrix R ∈ {0, 1}M×N encodes implicit176

feedback, where rui = 1 indicates that user u has interacted177

with item i, and rui = 0 otherwise. For each user u, we de-178

note the set of interacted items as I+
u = {i ∈ I | rui = 1}.179

The primary objective of a recommender system is to learn a180

scoring function f : U×I → R that predicts user preferences181

over unobserved items.182

3.2 Knowledge Distillation in Recommendation183

Knowledge Distillation (KD) aims to transfer knowledge184

from a high-capacity teacher model T to a lightweight stu-185

dent model S. Given a user-item pair (u, i), the teacher pro-186

duces a soft prediction ŷTui that encodes rich relational knowl-187

edge beyond binary labels. The student is trained to mimic188

these soft targets while maintaining computational efficiency.189

The distillation objective typically minimizes the divergence190

between teacher and student outputs:191

LKD =
∑

(u,i)∈D

ℓ
(
ŷSui, ŷ

T
ui

)
, (1)

where ℓ(·, ·) denotes a divergence measure such as Mean192

Squared Error or KL divergence, and D is the training set.193

3.3 Spherical Manifold194

The (d−1)-dimensional unit spherical manifold Sd−1 is de-195

fined as the set of all d-dimensional vectors with unit ℓ2 norm:196

Sd−1 =
{
x ∈ Rd | ∥x∥2 = 1

}
. (2)

The spherical manifold provides an embedding space where197

vector magnitudes are normalized, enabling the model to198

focus purely on directional relationships. For any vector199

x ∈ Rd \ {0}, the projection onto Sd−1 is given by:200

π(x) =
x

∥x∥2
. (3)

The intrinsic distance on the spherical manifold is the201

geodesic distance, representing the length of the shortest arc202

connecting two points. For x,y ∈ Sd−1, the distance is:203

dgeo(x,y) = arccos
(
x⊤y

)
. (4)

4 Methodology204

Figure 2 illustrates the overall framework of GUIDE. Given205

user-item interaction data, GUIDE first partitions the item set206

into K popularity-based subsets to construct domain-specific207

expert teachers. To address the Expert Routing challenge,208

we project both users and expert centroids onto a spherical209

manifold, where expert relevance is quantified via geodesic210

distance. To address the Context Fusion challenge, a Meta- 211

Debiasing Gate dynamically arbitrates between expert and 212

global teacher knowledge based on real-time contextual fea- 213

tures. The final distillation signal is derived as a context- 214

aware ensemble tailored to each user-item interaction. We 215

detail each component in the following subsections. 216

4.1 Domain-Specific Expert Construction 217

Relying on a single global teacher causes popularity bias am- 218

plification in knowledge distillation. A global teacher trained 219

on the complete interaction data inevitably inherits the long- 220

tail distribution, leading to overfitting on popular items while 221

under-representing niche content. To mitigate this limitation, 222

we construct multiple domain-specific experts, each special- 223

izing in a distinct popularity stratum. 224

Popularity-Based Data Partitioning 225

We quantify the popularity of each item i by its interaction 226

frequency di = |{u ∈ U | rui = 1}|. Based on these fre- 227

quency values, we partition the item set I into K disjoint sub- 228

sets {I(1), I(2), . . . , I(K)}, where each subset corresponds to 229

a distinct popularity tier. Specifically, we sort all items by di 230

in descending order and divide them into K groups of ap- 231

proximately equal size, yielding a spectrum from head (high- 232

popularity) to tail (low-popularity) items. Each item subset 233

I(k) induces a corresponding interaction subset: 234

D(k) =
{
(u, i) | i ∈ I(k), rui = 1

}
. (5)

This partitioning creates isolated training environments that 235

shield tail item learning from head item interference. 236

Expert Teacher Training 237

For each partition D(k), we train a dedicated expert teacher 238

T (k) exclusively on interactions within I(k). This constraint 239

ensures that each expert captures the intrinsic collaborative 240

patterns specific to its popularity domain without being dom- 241

inated by global popularity shortcuts. Formally, the expert 242

T (k) is optimized via: 243

T (k) = argmin
θ

∑
(u,i,j)∈D(k)

LBPR (fθ(u, i), fθ(u, j)) , (6)

where j denotes a negative sample drawn from I(k). In paral- 244

lel, we train a global teacher T (g) on the complete interaction 245

data D to preserve comprehensive collaborative signals. 246

Remark. The expert construction procedure is model- 247

agnostic: any recommendation architecture (e.g., matrix fac- 248

torization, neural collaborative filtering, or sequential mod- 249

els) can serve as the backbone for both expert and student 250

models. This flexibility ensures broad applicability across di- 251

verse recommendation scenarios. 252

4.2 Spherical Expert Alignment 253

With K expert teachers constructed, the next challenge lies 254

in dynamically routing each user to the most semantically 255

aligned expert. Conventional approaches measure expert- 256

student similarity via cosine or inner product in Euclidean 257

space. However, as discussed in Section 1, embedding mag- 258

nitudes encode popularity-correlated intensity information 259
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Figure 2: Overall of GUIDE framework. It consists of three key parts: (1) Expert Construction, which trains specialized teachers on
popularity-based data partitions; (2) Spherical Expert Alignment, which routes users to experts via geodesic distance on a spherical manifold
to eliminate magnitude bias; and (3) Meta-Debiasing Gating & Fusion, which adaptively fuses expert and global knowledge based on inter-
action context for personalized distillation.

that confounds directional similarity. We address this chal-260

lenge through Spherical Expert Alignment, which conducts261

matching directly on the spherical manifold Sd−1.262

Expert Centroid Representation263

To enable efficient expert routing, we represent each ex-264

pert T (k) by a semantic centroid that summarizes its domain265

knowledge. Let E(k) = {ei | i ∈ I(k)} denote the set of item266

embeddings learned by expert T (k). We compute the expert267

centroid ck by aggregating these embeddings and projecting268

onto the spherical manifold:269

ck = π

 1

|I(k)|
∑

i∈I(k)

ei

 =

∑
i∈I(k) ei∥∥∑
i∈I(k) ei

∥∥
2

, (7)

where ck ∈ Sd−1 serves as the representative prototype for270

the k-th expert domain.271

User Projection and Geodesic Matching272

For any user u with embedding eu learned by the student273

model, we project it onto the same spherical manifold:274

ẽu = π(eu) =
eu

∥eu∥2
. (8)

The affinity between user u and expert k is then quantified by275

the geodesic distance on Sd−1:276

dgeo(ẽu, ck) = arccos
(
ẽ⊤u ck

)
. (9)

This geodesic formulation offers two key advantages over co-277

sine similarity. First, constraining representations to the unit278

sphere strictly decouples embedding magnitude—often cor-279

related with item popularity—from semantic direction, ensur-280

ing pure content-based routing. Second, unlike cosine gra-281

dients which scale with sin(θ) and vanish as θ → 0, the282

geodesic gradient ∇vLgeo ∝ ∂θ2

∂θ
∂θ

∂ cos θ∇v cos θ introduces 283

a 1/ sin(θ) term that perfectly cancels the projection-induced 284

sin(θ) decay. This yields stable gradients linear in θ (i.e., 285

∇L ∝ 2θ) even for closely aligned representations. 286

Expert Selection via Soft Routing 287

Based on geodesic distances, we compute a probability dis- 288

tribution over experts for each user u: 289

wu,k =
exp (−τ · dgeo(ẽu, ck))∑K
j=1 exp (−τ · dgeo(ẽu, cj))

, (10)

where τ > 0 is a temperature parameter controlling the sharp- 290

ness of the distribution. To minimize noise from less relevant 291

experts, we adopt a winner-takes-all strategy that selects the 292

expert with the highest probability: 293

k∗ = arg max
k∈{1,...,K}

wu,k. (11)

The selected expert T (k∗) provides the specialized soft label 294

ŷTk∗
ui for the current user-item pair. 295

4.3 Meta-Debiasing Gate 296

While Spherical Expert Alignment identifies the optimal 297

domain-specific expert for each user, relying solely on expert 298

knowledge may be suboptimal. Expert teachers, trained on 299

isolated popularity strata, may lack the broader collaborative 300

signals captured by the global teacher. Conversely, the global 301

teacher provides robust general knowledge but inherits pop- 302

ularity bias. To dynamically balance these complementary 303

knowledge sources, we design a Meta-Debiasing Gate that 304

adaptively arbitrates their influence based on real-time con- 305

textual features. 306



Context Feature Extraction307

The optimal balance between expert and global teacher308

knowledge depends on the specific characteristics of each309

user-item interaction. We extract a context feature vector xui310

that captures two key factors:311

Item Popularity. We quantify the global exposure of candi-312

date item i using its log-normalized interaction frequency:313

ppop(i) = log(di + 1). (12)

This feature informs the gate about the item’s position in the314

popularity spectrum.315

User Diversity. We measure the diversity of user u’s his-316

torical interactions by computing the variance of popularity317

values across interacted items:318

pdiv(u) = Var
(
{dj | j ∈ I+

u }
)
. (13)

This feature indicates the user’s tendency to explore across319

different popularity tiers. The context vector concatenates320

these features with learned user and item embeddings, where321

⊕ denotes concatenation:322

xui = [eu ⊕ ei ⊕ ppop(i)⊕ pdiv(u)] . (14)

Adaptive Gating Mechanism323

The Meta-Debiasing Gate M uses a lightweight multi-layer324

perceptron (MLP) with sigmoid activation, mapping the con-325

text vector to a scalar fusion coefficient αui ∈ (0, 1):326

αui = M(xui) = σ (W2 · ReLU(W1xui + b1) + b2) ,
(15)

where W1,W2,b1,b2 are learnable parameters, and σ(·)327

denotes the sigmoid function.328

The coefficient αui quantifies the necessity of debiasing329

for the current context: higher values indicate that the model330

should prioritize expert knowledge (e.g., for long-tail items331

or users with diverse histories), while lower values suggest332

relying on the global teacher for stability.333

Dynamic Knowledge Fusion334

The final distillation target is synthesized as a convex combi-335

nation of soft labels from the selected expert T (k∗) and the336

global teacher T (g):337

ŷTfinal(u, i) = αui · ŷTk∗
ui + (1− αui) · ŷ

Tg

ui . (16)

This dynamic fusion ensures that the distillation signal is338

adaptively tailored to each user-item interaction, effectively339

resolving the trade-off between accuracy and fairness.340

4.4 Optimization341

We formulate a multi-objective loss function that jointly op-342

timizes recommendation accuracy, knowledge transfer, and343

gate calibration:344

L = LBPR + λKDLKD + λAlignLAlign + λReg∥Θ∥22, (17)

where λKD, λAlign, and λReg are hyperparameters balancing345

each component.346

Recommendation Loss. We employ the BPR loss to ensure347

the student captures fundamental collaborative signals:348

LBPR =
∑

(u,i,j)∈D

− lnσ
(
ŷSui − ŷSuj

)
, (18)

where (u, i, j) denotes a triplet with positive item i ∈ I+
u and 349

negative item j /∈ I+
u . 350

Ranking-Aware Distillation Loss. Standard pointwise dis- 351

tillation may fail to preserve the nuanced ranking relation- 352

ships essential for recommendation. We propose a ranking- 353

aware objective that aligns the preference margins between 354

student and teacher: 355

LKD =
∑

(u,i,j)∈D

(
∆pSuij −∆pTuij

)2
, (19)

where ∆pSuij = σ(ŷSui)− σ(ŷSuj) and ∆pTuij = σ(ŷTfinal(u, i)) 356

− σ(ŷTfinal(u, j)) represent the preference margins from the 357

student and fused teacher, respectively. 358

Gate Alignment Loss. To prevent the gate coefficient αui 359

from collapsing to trivial solutions, we introduce an explicit 360

supervisory signal. Let ti = I(i ∈ Itail) be an indicator for 361

tail items. We employ binary cross-entropy to guide the gate: 362

LAlign = −
∑

(u,i)∈D

[ti ln(αui) + (1− ti) ln(1− αui)] .

(20)
This objective encourages the gate to prioritize expert knowl- 363

edge (αui → 1) for tail items while retaining global knowl- 364

edge (αui → 0) for popular items. 365

4.5 Complexity Analysis 366

Training Complexity. Given batch size B, embedding di- 367

mension d, and K experts, the primary computational costs 368

include: (1) student forward pass: O(Bd); (2) geodesic dis- 369

tance computation: O(BKd); and (3) Meta-Debiasing Gate: 370

O(Bd2). Since K is typically small (e.g., K ≤ 5), and the 371

winner-takes-all strategy activates only the selected expert 372

and global teacher, the overall training complexity remains 373

linear in batch size. 374

Inference Complexity. During inference, all auxiliary 375

components (expert teachers, spherical projection, Meta- 376

Debiasing Gate) are discarded. Only the lightweight student 377

model is deployed, yielding inference complexity identical to 378

the base architecture with no additional latency. 379

5 Experiments 380

We conduct comprehensive experiments to evaluate GUIDE, 381

aiming to answer the following research questions: 382

• RQ1: How does GUIDE perform compared to state-of-the- 383

art knowledge distillation methods for recommendation? 384

• RQ2: What are the individual contributions of each pro- 385

posed component? 386

• RQ3: How sensitive is GUIDE to key hyperparameters? 387

• RQ4: How effective is GUIDE in handling popularity bias 388

and enhancing item fairness? 389

5.1 Experimental Setup 390

Datasets. We evaluate our model on three public bench- 391

marks: CiteULike (scholarly articles), Amazon-Movie, and 392

Amazon-Game (e-commerce). Following standard prepro- 393

cessing, we retain users with at least 20 interactions and split 394



Table 1: Dataset statistics after preprocessing.

Statistic CiteULike Amazon-Movie Amazon-Game
#Users 5,219 123,960 24,303
#Items 25,181 50,052 10,672
#Interactions 125,580 1,697,533 231,780
Sparsity 99.90% 99.97% 99.91%

the data into training, validation, and test sets using an 8:1:1395

ratio. Detailed statistics are reported in Table 1.396
Baselines. We compare GUIDE against five state-of-the-397

art distillation methods: (1) Ranking-based: RD [Tang398

and Wang, 2018] and CD [Lee et al., 2019] transfer rank-399

ing knowledge via position-aware weighting and rank-aware400

sampling; (2) Structure-aware: DE-RRD [Kang et al., 2020]401

and HTD [Kang et al., 2021] distill latent knowledge and402

topological structures; and (3) Bias-aware: UNKD [Chen et403

al., 2023a] mitigates popularity bias via stratified distillation.404

Evaluation Metrics. We adopt two widely-used top-K met-405

rics: Recall@K (R@K), which measures the proportion of406

relevant items retrieved, and NDCG@K (N@K), which ac-407

counts for ranking position via discounted cumulative gain.408

We report results for K ∈ {10, 20}.409

Implementation Details. All hyperparameters are tuned410

based on NDCG@20 on the validation set. The teacher411

uses 3-layer LightGCN, for students, we evaluate 2-layer412

GCN and BPRMF. The learning rate is searched over413

{0.0002, 0.001, 0.005, 0.01}. The distillation coefficient λKD414

is selected from {0.01, 0.02, ..., 0.9, 0.99}, and the alignment415

coefficient λAlign from {0.0005, 0.001, ..., 0.9, 0.99}. The416

number of experts K is set to 5 by default. All experiments417

are repeated 5 times with different random seeds, and we re-418

port the mean and standard deviation.419

5.2 Overall Performance (RQ1)420

Table 2 presents the overall performance comparison. From421

these results, we draw the following observations:422

GUIDE consistently outperforms all baselines across423

datasets and metrics. The improvements are particularly424

pronounced on the sparser Amazon-Game dataset, demon-425

strating GUIDE’s robustness in challenging scenarios where426

popularity bias is most detrimental. Remarkably, GUIDE sur-427

passes the teacher on several metrics, indicating that filtering428

popularity noise yields superior generalization.429

Ranking-based methods exhibit limited effectiveness. RD430

yields the poorest performance among all methods, as simple431

ranking alignment neglects the rich semantic relationships es-432

sential for recommendation. This underscores the necessity433

of more sophisticated knowledge transfer mechanisms.434

Structure-aware methods provide substantial improve-435

ments over ranking-based approaches. CD, HTD, and436

UNKD significantly outperform RD by incorporating struc-437

tural knowledge. Notably, CD achieves competitive results by438

distilling collaborative similarity distributions, while UNKD439

leverages unobserved feedback for enhanced supervision.440

The advantages of GUIDE stem from its two core inno-441

vations. Spherical Expert Alignment eliminates magnitude-442

induced bias in expert routing, enabling semantically mean-443

ingful knowledge selection. The Meta-Debiasing Gate fur-444
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Figure 3: Effect of the number of experts K on Amazon-Game.

ther adapts the fusion strategy to each context, ensuring debi- 445

asing preserves accuracy on well-represented items. 446

5.3 Ablation Study (RQ2) 447

To validate the contribution of each component, we compare 448

GUIDE against four ablated variants on Amazon-Game: 449

• w/o Spherical: Replaces spherical manifold matching with 450

Euclidean distance-based expert selection. 451

• w/o Meta-Gate: Substitutes the adaptive gate with a fixed 452

fusion weight (α = 0.5). 453

• w/o Ranking KD: Replaces the ranking-aware distillation 454

loss with standard pointwise MSE. 455

• w/o Alignment: Removes the gate alignment loss LAlign. 456

As shown in Table 3, the full GUIDE model consistently 457

outperforms all variants, confirming the necessity of each 458

component: (i) w/o Spherical shows that Euclidean embed- 459

dings are prone to magnitude-induced bias, emphasizing the 460

need for directional alignment; (ii) w/o Meta-Gate confirms 461

that static fusion is insufficient for handling user-item hetero- 462

geneity; (iii) w/o Ranking KD proves that pointwise distilla- 463

tion fails to capture nuanced preference margins; and (iv) w/o 464

Alignment indicates that explicit gate supervision is vital to 465

avoid trivial solutions. 466

5.4 Hyperparameter Sensitivity (RQ3) 467

We examine three key hyperparameters: (1) Number of ex- 468

perts K: As shown in Figure 3, performance peaks around 469

K = 5; too few experts fail to capture popularity diversity, 470

while excessive K introduces noise due to data sparsity. (2) 471

Distillation coefficient λKD: Figure 4 (Left) shows optimal 472

result at 0.8, balancing knowledge transfer and student adap- 473

tation. (3) Alignment coefficient λAlign: Figure 4 (Right) 474

indicates that λAlign = 0.01 is optimal, while larger values 475

may conflict with the primary ranking objective. 476

5.5 Debiasing Effectiveness (RQ4) 477

To evaluate the effectiveness of GUIDE in addressing popu- 478

larity bias and enhancing fairness, we conduct three comple- 479

mentary analyses. 480

Addressing Popularity Bias and Fairness. We evaluate 481

GUIDE on Amazon-Game (stratified into Head/Tail groups) 482

and CiteULike (fairness metrics). Table 4 presents the re- 483

sults. GUIDE achieves substantial improvements on Tail 484

items (+6.21%) while simultaneously improving Head per- 485

formance (+2.75%). On CiteULike, GUIDE significantly 486



Table 2: Performance comparison on three datasets (Student: LightGCN). Best student results are in bold, second-best are underlined.
“Improv.” denotes the relative improvement of GUIDE over the best baseline. Blue shading indicates teacher results.

Dataset Metric Teacher RD CD DE-RRD HTD UNKD GUIDE Improv.

R@10 0.0964 0.062±.006 0.086±.005 0.062±.001 0.089±.002 0.093±.001 0.097±.001 +4.3%
R@20 0.1456 0.085±.009 0.129±.006 0.092±.003 0.140±.001 0.132±.004 0.145±.002 +3.6%
N@10 0.0788 0.051±.005 0.075±.002 0.050±.002 0.076±.001 0.078±.000 0.079±.000 +1.3%CiteULike

N@20 0.0937 0.058±.006 0.087±.003 0.060±.001 0.091±.001 0.089±.002 0.094±.001 +3.3%

R@10 0.0284 0.020±.001 0.025±.003 0.022±.001 0.027±.002 0.027±.001 0.029±.001 +7.4%
R@20 0.0487 0.033±.003 0.044±.004 0.037±.001 0.045±.002 0.046±.001 0.049±.000 +6.5%
N@10 0.0313 0.023±.002 0.028±.002 0.024±.001 0.030±.001 0.030±.001 0.031±.002 +3.3%Amazon-Movie

N@20 0.0394 0.028±.005 0.036±.003 0.030±.000 0.037±.001 0.037±.002 0.039±.001 +5.4%

R@10 0.0282 0.018±.001 0.025±.002 0.020±.002 0.026±.001 0.025±.001 0.029±.001 +11.5%
R@20 0.0460 0.028±.003 0.043±.003 0.028±.001 0.040±.002 0.041±.002 0.046±.002 +6.9%
N@10 0.0232 0.016±.001 0.020±.002 0.017±.000 0.021±.001 0.021±.001 0.023±.000 +9.5%Amazon-Game

N@20 0.0299 0.020±.001 0.027±.002 0.022±.000 0.026±.001 0.027±.001 0.029±.002 +7.4%

Table 3: Ablation study on Amazon-Game. Each row removes one
component from the full GUIDE model.

Variant R@10 R@20 N@10 N@20
w/o Spherical 0.0259 0.0422 0.0206 0.0266
w/o Meta-Gate 0.0259 0.0419 0.0209 0.0270
w/o Ranking KD 0.0258 0.0420 0.0206 0.0267
w/o Alignment 0.0261 0.0419 0.0210 0.0270

GUIDE (Full) 0.0288 0.0465 0.0230 0.0299
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Figure 4: Sensitivity to λKD and λAlign on Amazon-Game.

lowers the Gini index and doubles Item Coverage. These re-487

sults across datasets prove that GUIDE effectively handles488

popularity bias and improves fairness while maintaining su-489

perior overall accuracy.490

Visualization of Adaptive Gating. To verify that the Meta-491

Debiasing Gate learns meaningful context-aware strategies,492

we visualize the distribution of gating coefficients αui across493

item popularity on the Amazon-Game test set. As shown in494

Figure 5, a clear trend emerges: α ≈ 0 for popular (Head)495

items, indicating reliance on the global teacher, while α ≈ 1496

for long-tail (Tail) items, shifting toward expert knowledge.497

This confirms that the gate learns a principled popularity-498

aware arbitration strategy rather than random assignment,499

validating the effectiveness of the alignment loss LAlign.500

Case Study: Cold-Start Item Recommendation. To evalu-501

ate performance under extreme sparsity, we analyze a cold-502

start interaction (User #8137, Item #10872) in Amazon-503

Table 4: Performance on Amazon-Game (Head/Tail) and fairness
metrics on CiteULike.

Amazon-Game CiteULike
Model Head Tail ∆ Tail Gini ↓ Coverage ↑ Tail Ratio ↑ R@20
UNKD 0.0509 0.00177 – 0.9679 0.1234 0.0845 0.1331
GUIDE 0.0523 0.00188 +6.21% 0.9239 0.2521 0.0876 0.1447
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Figure 5: Distribution of gating coefficient α across item popularity.
The gate adaptively shifts from global teacher (α → 0) for popular
items to expert knowledge (α → 1) for tail items.

Game. While the LightGCN teacher fails to recommend 504

the item (Rank > 200) due to absent collaborative signals, 505

GUIDE achieves Rank 1 with a high gating coefficient (αui = 506

0.84). This confirms that GUIDE adaptively prioritizes spe- 507

cialized expert knowledge to compensate for data scarcity, ef- 508

fectively enabling zero-shot cold-start recommendations. 509

6 Conclusion 510

Existing KD approaches, using standard Euclidean teachers, 511

often suffer from bias amplification. We propose GUIDE, 512

projecting diverse expert knowledge onto a Spherical Mani- 513

fold. This design eliminates magnitude-induced noise via dis- 514

tinct subspace experts, while our Meta-Debiasing Gate intel- 515

ligently arbitrates between global and specialized supervision 516

to adapt to dynamic user preferences. Experiments confirm 517

that GUIDE consistently outperforms competing methods in 518

both recommendation accuracy and bias mitigation. 519



Acknowledgments520

This work was supported by the National Natural Science521

Foundation of China (No.62173199 and No.62506366).522

References523

[Abdollahpouri et al., 2019] Himan Abdollahpouri, Robin524

Burke, and Bamshad Mobasher. Managing popularity bias525

in recommender systems with personalized re-ranking. In526

Roman Barták and Keith W. Brawner, editors, Proceedings527

of the Thirty-Second International Florida Artificial Intel-528

ligence Research Society Conference, Sarasota, Florida,529

USA, May 19-22 2019, pages 413–418. AAAI Press, 2019.530

[Abdollahpouri et al., 2021] Himan Abdollahpouri, Masoud531

Mansoury, Robin Burke, Bamshad Mobasher, and Ed-532

ward C. Malthouse. User-centered evaluation of popu-533

larity bias in recommender systems. In Judith Masthoff,534

Eelco Herder, Nava Tintarev, and Marko Tkalcic, edi-535

tors, Proceedings of the 29th ACM Conference on User536

Modeling, Adaptation and Personalization, UMAP 2021,537

Utrecht, The Netherlands, June, 21-25, 2021, pages 119–538

129. ACM, 2021.539

[Chen et al., 2021] Jiawei Chen, Hande Dong, Yang Qiu, Xi-540

angnan He, Xin Xin, Liang Chen, Guli Lin, and Keping541

Yang. Autodebias: Learning to debias for recommenda-542

tion. In SIGIR, pages 21–30. ACM, 2021.543

[Chen et al., 2023a] Gang Chen, Jiawei Chen, Fuli Feng,544

Sheng Zhou, and Xiangnan He. Unbiased knowledge dis-545

tillation for recommendation. In WSDM, pages 976–984.546

ACM, 2023.547

[Chen et al., 2023b] Jiawei Chen, Hande Dong, Xiang548

Wang, Fuli Feng, Meng Wang, and Xiangnan He. Bias549

and debias in recommender system: A survey and future550

directions. ACM Trans. Inf. Syst., 41(3):67:1–67:39, 2023.551

[Deldjoo et al., 2024] Yashar Deldjoo, Zhankui He, Ju-552

lian J. McAuley, Anton Korikov, Scott Sanner, Arnau553
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