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Abstract001

Social bots are increasingly polluting online002
platforms by spreading misinformation and en-003
gaging in coordinated manipulation, posing se-004
vere threats to cybersecurity. Graph Neural005
Networks (GNNs) have become mainstream006
for social bot detection due to their ability to007
integrate structural and attribute features, with008
spectral-based approaches demonstrating par-009
ticular efficacy due to discriminative patterns in010
the spectral domain. However, current spectral011
GNN methods face two limitations: (1) their012
broad-spectrum fitting mechanisms degrade the013
focus on bot-specific spectral features, and (2)014
certain domain knowledge valuable for bot de-015
tection, e.g., low homophily correlates with016
high-frequency features, has not been fully in-017
corporated into existing methods.018

To address these challenges, we propose HW-019
GNN, a novel homophily-aware graph spec-020
tral network with Gaussian window constraints.021
Our framework introduces two key innova-022
tions: (i) a Gaussian-window constrained spec-023
tral network that employs learnable Gaussian024
windows to highlight bot-related spectral fea-025
tures, and (ii) a homophily-aware adaptation026
mechanism that injects domain knowledge be-027
tween homophily ratios and frequency features028
into the Gaussian window optimization process.029
Through extensive experimentation on multi-030
ple benchmark datasets, we demonstrate that031
HW-GNN achieves state-of-the-art bot detec-032
tion performance, outperforming existing meth-033
ods with an average improvement of 4.6% in034
F1-score, while exhibiting strong plug-in com-035
patibility with existing spectral GNNs.036

1 Introduction037

Social bots have become a pervasive threat in on-038

line social networks (Abulaish and Fazil, 2020),039

deceiving users by disseminating false information,040

amplifying harmful content, and coordinating ma-041

nipulative campaigns (Domalewska, 2021; Ferrara,042

2017) that can influence elections and undermine043
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Figure 1: Illustration of homophily and spectral graph
filtering in social bot detection. Homophilic community
A: nodes with same labels form dense connections and
concentrate spectral energy in low frequencies. Het-
erophilic community B: cross-label connections cre-
ate dispersed patterns, shifting spectral energy toward
higher frequencies. The spectral representations are
then processed using polynomial basis functions to con-
struct graph filters for bot detection.

trust in digital platforms (Hajli et al., 2022). The 044

detection of social bots is particularly challenging 045

due to their rapidly evolving sophistication. Mod- 046

ern social bots are capable of closely mimicking 047

human behavior, including realistic posting sched- 048

ules (Khaund et al., 2021), tweet content genera- 049

tion (Grimme et al., 2022), and user profile imi- 050

tation (Heidari et al., 2020). Moreover, by adap- 051

tively adjusting connection strategies (Ghiurău and 052

Popescu, 2024), bots can further obscure identities, 053

making it increasingly difficult to distinguish them 054

from genuine users. 055

Graph neural networks (GNNs) have become the 056

mainstream approach for social bot detection by 057

effectively leveraging both structural and attribute 058

information (Liu et al., 2023a). Existing GNN- 059

based methods can be broadly divided into spatial 060

and spectral approaches. Spatial methods focus 061

on message passing and aggregation in the node 062

domain (Cai et al., 2021), capturing local neigh- 063

borhood information through iterative feature prop- 064

agation. These methods typically employ graph 065

convolution operations that aggregate information 066

from neighboring nodes, enabling the model to 067
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learn node representations based on local struc-068

tural context. While representative works such as069

BotRGCN (Feng et al., 2021b), BotMoE (Liu et al.,070

2023b), and H2GCN (Shao et al., 2024) have made071

significant progress in this area and demonstrated072

strong performance in various social network sce-073

narios, spatial approaches are inherently dependent074

on the topological structure of graphs, where dif-075

ferent social networks feature distinct structural076

patterns and varying sparsity levels that may limit077

generalization (Luan et al., 2023; Huo et al., 2023).078

Bot detection can be viewed as an anomaly detec-079

tion problem (Rafique et al., 2024), making graph080

spectral methods particularly promising for this081

task. As illustrated in Figure 1, these methods lever-082

age spectral graph theory and polynomial approxi-083

mations to transform node features into the spectral084

domain, where polynomial-based filters are applied085

to capture global structural patterns and anomalies086

that may not be apparent in the spatial domain.087

A representative method is BWGNN (Tang et al.,088

2022), which uses Beta polynomial basis func-089

tions to capture spectral features. Through math-090

ematical derivation and empirical visualization,091

BWGNN demonstrates the relationship between092

heterophily ratio and spectral energy distribution093

on graphs with varying heterophily levels, show-094

ing that higher heterophily leads to spectral energy095

concentration in higher frequency bands. Other no-096

table spectral methods include BernNet (He et al.,097

2021), JacobiConv (Wang and Zhang, 2022), and098

PolyGCL (Chen et al., 2024), achieving good per-099

formance in bot detection scenarios.100

While spectral GNN methods are capable of fit-101

ting diverse spectral patterns through flexible poly-102

nomial filters (Zeng et al., 2023; Guo et al., 2023)103

and demonstrating strong performance in social104

bot detection tasks, they may be less sensitive to105

local bot-specific spectral anomalies that are cru-106

cial for effective bot detection. Most existing ap-107

proaches use global polynomial filters, which fit108

the entire spectral domain by optimizing polyno-109

mial bases and their coefficients with respect to110

a loss defined over the full spectral domain. In111

practice, this global fitting may sometimes lose ac-112

curacy in critical bands where bot signals are most113

prominent, as anomalous behaviors tend to exhibit114

abrupt changes (Yu et al., 2019) that are not easily115

captured by filters optimized for overall spectral116

approximation.117

In addition, such a valuable relationship between118

graph homophily and spectral energy has not been119

fully leveraged by the spectral GNN methods for 120

improved bot detection performance. As illustrated 121

in Figure 1, homophily characteristics directly in- 122

fluence spectral energy distribution (Tang et al., 123

2022; Gao et al., 2023; Xu et al., 2024). This rela- 124

tionship provides valuable domain knowledge for 125

determining spectral focus regions in bot detection, 126

but is still underutilized in current spectral GNN 127

approaches. 128

To address limitations above, we propose HW- 129

GNN, a homophily-aware Gaussian-window con- 130

strained graph spectral network for bot detection. 131

The contributions of our method are summarized 132

as follows: 133

• Gaussian-Window constrained Spectral 134

Network: We introduce a Gaussian-window 135

constrained spectral network that enables pre- 136

cise local spectral-domain fitting by employ- 137

ing learnable Gaussian functions as soft poly- 138

nomial basis masks. This approach uses mul- 139

tiple Gaussian windows to extract features fo- 140

cusing on different frequency bands for com- 141

prehensive anomaly capture, providing pre- 142

cise local spectral filtering and plug-in com- 143

patibility with existing spectral GNNs (e.g., 144

BWGNN, BernNet). 145

• Homophily-Aware Adaptation Mechanism: 146

We innovatively inject domain knowledge 147

by measuring the graph’s homophily ratio 148

and using a frequency distribution loss to 149

adaptively guide the Gaussian window pa- 150

rameters, ensuring that spectral focus aligns 151

with homophily-driven frequency preferences. 152

This mechanism incorporates domain knowl- 153

edge from bot detection to adaptively guide 154

spectral focus. 155

Extensive experiments on five widely used real- 156

world benchmarks demonstrate that HW-GNN 157

achieves an average improvement of 4.6% in F1- 158

score over state-of-the-art baselines, validating the 159

effectiveness and plug-in compatibility of our ap- 160

proach. 161

2 Related Work 162

In recent years, graph-based approaches have 163

emerged as a promising direction for social bot de- 164

tection, as such approaches enable the integration 165

of relational and user profile information within 166

social networks. In this section, we review related 167

work on graph-based bot detection, focusing on 168
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Figure 2: HW-GNN Framework: homophily-aware Gaussian-window constrained graph spectral network for
social bot detection. The framework employs learnable Gaussian windows to modulate the weights of polynomial
basis functions, enabling focused spectral analysis on bot-discriminative frequency bands. The homophily-aware
adaptation mechanism injects domain knowledge between homophily ratios and frequency features to guide window
parameter learning.

GNNs for homophilic and heterophilic graphs, spa-169

tial GNN methods, and spectral GNN methods.170

Early GNN models such as GCN (Kipf and171

Welling, 2016), GraphSAGE (Hamilton et al.,172

2017), and SGC (Wu et al., 2019) are primarily173

designed under the homophily assumption, where174

nodes with similar labels are densely connected.175

However, many real-world social networks ex-176

hibit heterophilic or mixed connectivity patterns,177

where nodes with different labels are frequently178

connected. To address this challenge, a series179

of methods have been developed to better handle180

heterophilic graphs, such as CPGNN (Zhu et al.,181

2021), FAGCN (Bi et al., 2022), and H2GCN (Shao182

et al., 2024). These approaches relax the homophily183

assumption and enable more effective information184

aggregation in heterophilic settings, improving the185

robustness and generalization of GNNs in complex186

scenarios.187

Spatial GNN methods leverage network topol-188

ogy and neighborhood aggregation to capture struc-189

tural patterns, achieving strong performance in bot190

detection. Meanwhile, methods such as RGT (Feng191

et al., 2022a) and SlimG (Yoo et al., 2023) fur-192

ther improve robustness and interpretability. For193

bot detection, specialized spatial GNNs have been194

proposed, including SeBot (Yang et al., 2024),195

BSG4Bot (Miao et al., 2025), and BotBR (Lin and196

Zhou, 2025), which introduce relational modeling,197

balanced feature fusion, reliability-enhanced learn-198

ing, or multi-view contrastive learning to better199

capture diverse bot behaviors. While spatial GNNs 200

are effective at modeling local patterns, their ef- 201

fectiveness is constrained by the graph topology, 202

as diverse social networks exhibit varying struc- 203

tural characteristics and connectivity densities that 204

restrict their adaptability (Luan et al., 2023; Tang 205

et al., 2020). 206

Spectral GNN methods operate in the spec- 207

tral domain to capture global frequency-specific 208

patterns. Representative approaches include 209

ChebNet (Defferrard et al., 2016), BernNet (He 210

et al., 2021), GPR-GNN (Chien et al., 2020), 211

BWGNN (Tang et al., 2022), and Jacobi- 212

Conv (Wang and Zhang, 2022), which utilize 213

various polynomial bases for spectral filtering. 214

More recent works such as PolyGCL (Chen et al., 215

2024) that combines polynomial filters with self- 216

supervised learning, and TFGNN (Li et al., 2025) 217

further enhance the expressiveness and adaptabil- 218

ity of spectral filters. While these methods can fit 219

a wide range of frequency responses, most exist- 220

ing spectral GNNs may lack sensitivity to local 221

spectral anomalies and often do not explicitly in- 222

corporate domain knowledge, which is crucial for 223

distinguishing bots from genuine users in complex 224

networks. 225

Different from prior work, HW-GNN introduces 226

learnable Gaussian windows to locally focus spec- 227

tral filtering on critical frequency bands. Further- 228

more, it adapts Gaussian window’s parameters 229

based on the graph’s homophily ratio to leverage 230
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bot detection domain knowledge, ensuring precise231

anomaly capture aligned with structural homophily.232

3 Methodology233

The framework of HW-GNN is shown in Fig-234

ure 2. It consists of two major components:235

Gaussian-Window constrained Spectral Network236

and Homophily-Aware Adaptation Mechanism.237

First, the Gaussian-Window constrained Spectral238

Network employs learnable Gaussian windows239

with polynomial approximation to concentrate fil-240

tering on discriminative frequency bands, enabling241

precise spectral analysis for bot detection. Subse-242

quently, the Homophily-Aware Adaptation Mecha-243

nism measures graph homophily ratios and adap-244

tively tunes window parameters to ensure spectral245

focus aligns with anomaly characteristics, achiev-246

ing superior performance through valuable domain247

knowledge injection.248

3.1 Problem Formulation249

We represent the social network as a heterogeneous250

attributed graph G = (V,E,X ,R), where V is251

the set of users, X ∈ Rn×d0 their feature vectors,252

and R the relation types (e.g., “follows,” “men-253

tions,” “retweets”) with edges Er ⊆ V ×V . While254

our framework supports heterogeneous graphs and255

can integrate information from different relation256

types, we focus on single-relation GNNs in the257

following, and multiple relationships can be sup-258

ported through attention-based methods. A subset259

VL ⊆ V has binary labels yi ∈ {0, 1} indicating260

genuine and bot users. We aim to learn261

f : G 7−→ [0, 1]n (1)262

to predict each node’s bot probability ŷi.263

To adapt to mixed homophily, we compute the264

graph-level homophily ratio (Ma et al., 2022), and265

assume that the target frequency band is inversely266

correlated with the homophily ratio, i.e., lower ho-267

mophily leads to a preference for higher spectral268

components.269

h =

∣∣{(u, v) ∈ E : yu = yv}
∣∣

|E|
(2)270

where E =
⋃

r Er. The scalar h can be used to271

guide the positioning of Gaussian windows in our272

spectral filters.273

3.2 Gaussian-Window constrained Spectral 274

Network 275

The core innovation of our approach lies in in- 276

troducing learnable Gaussian windows that modu- 277

late polynomial basis coefficients to achieve local 278

spectral focusing on bot-discriminative frequency 279

bands, enabling the model to extract and combine 280

the most informative spectral features for distin- 281

guishing bots from genuine users. 282

3.2.1 Gaussian Window Spectral Focusing 283

Strategy 284

While spectral GNNs with global filters can capture 285

various spectral patterns, they may degrade focus 286

to detect abrupt frequency changes associated with 287

anomaly features. To address this issue, we em- 288

ploy S learnable Gaussian windows that focus on 289

specific frequency bands for comprehensive bot 290

detection: 291

Gs(λ) = exp
(
− (λ−ωs)2

2σ2
s

)
, s = 1, . . . , S (3) 292

Here λ ∈ [0, 2] is a Laplacian eigenvalue, ωs the 293

center frequency, and σs the window’s bandwidth. 294

Each Gaussian window Gs(λ) defines a localized 295

spectral filter that focuses on specific frequency re- 296

gions. By learning {ωs, σs}, the model adaptively 297

adjusts the center frequencies and bandwidths of 298

Gaussian windows to capture information from dif- 299

ferent spectral regions and the combination of mul- 300

tiple such filters enables comprehensive spectral 301

analysis. 302

Direct spectral filtering requires eigendecompo- 303

sition of the Laplacian matrix with computational 304

complexity O(n3), which is prohibitive for large 305

graphs. Therefore, for our Gaussian-window con- 306

strained filters gs(λ), we use polynomial basis func- 307

tions {P (K)
k (λ)}Kk=0 of order K to approximate the 308

filter response: 309

gs(λ) ≈
K∑
k=0

cs,kP
(K)
k (λ) (4) 310

The interaction coefficient cs,k reflects how 311

much each polynomial basis function contributes 312

to approximating the s-th Gaussian-Window con- 313

strained filter. For all polynomial basis func- 314

tions {P (K)
k (λ)}Kk=0 and a given Gaussian window 315

Gs(λ), we compute the contribution weight of each 316

basis function: 317

cs,k =

∫ 2

0
Gs(λ)P

(K)
k (λ) dλ (5) 318
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These coefficients are determined by the overlap319

between the Gaussian window and the polynomial320

basis functions in spectral region. The greater the321

overlap between a polynomial basis and the Gaus-322

sian window’s frequency region, the larger the cor-323

responding coefficient cs,k, resulting in stronger324

emphasis on the corresponding spectral region.325

The theoretical proof that multi-Gaussian Win-326

dow constrained polynomial fitting outperforms327

global fitting is detailed in Appendix Section A.2.328

3.2.2 Gaussian-Window constrained Spectral329

Filter Implementation330

With the coefficients obtained from the Gaussian331

window analysis, we implement the spectral fil-332

tering by integrating multiple Gaussian-windowed333

filters.334

Starting from the spectral filter with integration335

coefficients, we derive the complete implementa-336

tion through the following steps:337

gs(L) =

∫ 2

0
Gs(λ) dE(λ) (6)338

≈
K∑
k=0

cs,kP
(K)
k (L) (7)339

Zs = gs(L)XWs (8)340

=

(
K∑
k=0

cs,kP
(K)
k (L)

)
XWs (9)341

=
K∑
k=0

cs,kP
(K)
k (L)XWs (10)342

where E(λ) is the spectral measure, cs,k are the343

coefficients from Eq. (5) that reflect the overlap344

between Gaussian windows and polynomial basis345

functions, P (K)
k (L) are the polynomial basis matri-346

ces applied to the Laplacian, X is the input feature347

matrix, and Ws ∈ Rd×d′ is the learnable weight348

matrix for the s-th window. This strategy does not349

change the essential nature of graph convolution,350

with theoretical proof provided in Appendix Sec-351

tion A.1.352

The multi-window output combines all spectral353

features through learned weights:354

H =

S∑
s=1

wsZs (11)355

=
S∑

s=1

ws

K∑
k=0

cs,kP
(K)
k (L)XWs (12)356

where ws are learned importance weights com- 357

puted through a softmax function: 358

ws =
exp(βs)∑S
j=1 exp(βj)

(13) 359

with learnable parameters βs, ensuring
∑S

s=1ws = 360

1. 361

3.3 Homophily-Aware Adaptation Mechanism 362

The center frequencies and bandwidths of Gaussian 363

windows should adapt to the structural characteris- 364

tics of different social networks. Our solution lever- 365

ages the relationship between graph homophily and 366

spectral energy distribution to guide the learning of 367

optimal window parameters. 368

3.3.1 Gaussian Window Parameter Learning 369

For each edge type e with homophily ratio he, we 370

set the expected anomaly center frequency as 371

ω̄(he) = 2 (1− he) (14) 372

This mapping reflects the spectral theory insight 373

that high homophily (he → 1) concentrates energy 374

in low frequencies (ω̄ → 0), while low homophily 375

(he → 0) shifts energy toward high frequencies 376

(ω̄ → 2). 377

While the above relationship provides a theoreti- 378

cal mapping between homophily ratios and center 379

frequencies, this mapping is empirical and should 380

not strictly constrain the learned frequencies. We 381

allow some deviation around the target frequen- 382

cies to provide flexibility in learning. To inject this 383

homophily-driven domain knowledge into the spec- 384

tral filtering process, we employ MLP networks to 385

learn the center frequencies and bandwidths of the 386

Gaussian windows. Specifically, the MLPs take the 387

homophily-guided target frequency ω̄(he) as input 388

and output the parameters for each window: 389

ωs = MLPω(ω̄(he), s) (15) 390

σs = MLPσ(ω̄(he), s) (16) 391

where MLPω : R2 → [s−, s+] and MLPσ : R2 → 392

R+ are multi-layer perceptrons. The center fre- 393

quencies ωs are initialized as S equally-spaced 394

points in the spectral domain [0, 2], which provides 395

comprehensive coverage of the entire frequency 396

range. 397

During training, the MLPs learn adaptive offsets 398

from these initial positions toward the homophily- 399

guided target ω̄(he), enabling the model to adjust 400
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spectral focus based on graph structural proper-401

ties. To maintain local spectral focus and prevent402

excessive deviation, the MLP output is clipped403

to a constrained range [s−, s+] around each win-404

dow’s initial position, ensuring that each Gaussian405

window remains concentrated on its designated lo-406

cal frequency region. By explicitly feeding the407

homophily-guided target frequency into the MLPs,408

we ensure that the parameterization of each Gaus-409

sian window is directly influenced by the structural410

properties of the graph.411

Furthermore, the entire process is trained end-412

to-end with a frequency distribution loss, which413

continuously encourages the MLPs to produce win-414

dow parameters that remain closely aligned with415

the homophily-driven spectral targets. This design416

enables the model to flexibly adapt to diverse net-417

work structures while still preserving the theoret-418

ical connection between homophily and spectral419

focus.420

To further reinforce this alignment, we intro-421

duce a frequency distribution loss that anchors the422

learned window centers to positions determined by423

the homophily ratio:424

Lfreq =
1

C

C∑
c=1

(
ω̂(c) − ω̄(he)

)2 (17)425

where ω̂(c) is the learned center frequency in the426

convolution block c and C is the total number of427

blocks.428

The Gaussian window parameter learning mech-429

anism thus injects domain knowledge by measuring430

the graph’s homophily ratio and uses a frequency431

distribution loss to guide the Gaussian window pa-432

rameters, ensuring that spectral focus aligns with433

homophily-driven frequency preferences.434

3.4 Multi-Layer Architecture435

We stack multiple Gaussian-windowed convolution436

layers with residual connections:437

H(ℓ+1) = σ
(
H(ℓ) + HW-Conv(H(ℓ))

)
(18)438

where H(ℓ) denotes features at layer ℓ, σ(·)439

is the activation function, HW-Conv denotes the440

Gaussian-window constrained spectral network,441

and the residual connection helps mitigate over-442

smoothing.443

3.5 Overall Loss Function444

The complete loss function incorporates the classi-445

fication loss and frequency distribution loss:446

L = Lfocal + λf Lfreq (19) 447

where Lfocal is the Focal Loss for addressing 448

class imbalance: 449

Lfocal = − 1

|VL|
∑
i∈VL

αi(1− ŷi)
γ log(ŷi) (20) 450

where |VL| is the number of training nodes, ŷi is 451

the predicted probability for the true class, αi is a 452

balancing factor, and γ is the focusing parameter. 453

λf < 1 is a weighting parameter that balances 454

classification accuracy with frequency distribution 455

regularization. 456

3.6 Computational Complexity Analysis 457

Let S be the number of Gaussian windows, K be 458

the polynomial order, |E| be the number of edges, 459

d and d′ be the input and output feature dimensions, 460

and dMLP be the number of parameters in the MLPs 461

for window parameter learning. 462

Our method consists of two main computational 463

steps. For step (i), the Gaussian window parameter 464

learning and polynomial coefficient computation 465

requires O(S · dMLP + S ·K) operations. For step 466

(ii), the multi-window filtering requires O(S ·K · 467

|E| · d · d′) operations. 468

The overall computational complexity is O(S · 469

K ·|E|·d·d′+S ·dMLP+S ·K). The dominant term 470

S ·K · |E| ·d ·d′ scales linearly with the graph size 471

and feature dimensions. While HW-GNN intro- 472

duces additional complexity for Gaussian window 473

parameter learning compared to baseline polyno- 474

mial methods, this overhead only affects the less 475

computationally intensive coefficient computation 476

step, ensuring scalability for large-scale social net- 477

works. 478

4 Experiments 479

4.1 Experimental Setup 480

4.1.1 Datasets 481

We evaluate HW-GNN on five widely-adopted 482

benchmarks spanning different scales and ho- 483

mophily patterns. TwiBot-20 (Feng et al., 2021a) 484

and TwiBot-22 (Feng et al., 2022b) are comprehen- 485

sive Twitter datasets with mixed relations, with the 486

latter scaling to 1 million users. MGTAB (Shi et al., 487

2023) features heterogeneous connections with 488

seven relation types. T-Social and T-Finance (Tang 489

et al., 2022) represent massive homophilic and fi- 490

nancial networks, respectively. Detailed statistics 491

are provided in Appendix Section B.1. 492
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Model Twibot-20 Twibot-22 MGTAB T-social T-finance
Accuracy F1 Accuracy F1 Accuracy F1 Accuracy F1 Accuracy F1

MLP 83.89±1.10 81.71±0.80 79.01±0.70 53.81±0.30 84.88±0.40 84.67±0.30 71.52±0.45 48.35±0.62 78.85±0.55 70.57±0.58

GCN (2017) 77.52±0.20 80.85±0.40 78.41±0.40 54.91±0.40 83.65±0.20 84.02±0.60 75.87±0.35 59.88±0.55 79.03±0.42 70.74±0.45
GAT (2018) 83.33±0.30 81.26±0.70 79.54±0.30 55.83±0.90 84.45±0.30 83.69±0.40 76.82±0.38 69.01±0.65 77.21±0.48 53.86±0.52
BotRGCN (2021) 85.86±0.80 87.33±0.70 78.56±0.10 57.52±1.20 89.69±1.10 86.02±1.20 77.65±0.52 68.13±0.75 75.98±0.55 52.14±0.65
RGT (2022) 86.67±0.30 88.22±0.10 76.44±0.20 43.02±0.70 89.76±0.40 86.59±0.80 77.98±0.45 71.23±0.68 86.27±0.42 87.12±0.45
GPR-GNN (2020) 87.47±0.80 88.84±1.20 78.64±0.60 57.66±0.80 90.32±0.40 87.46±1.10 75.13±0.65 59.76±0.85 84.78±0.55 85.07±0.62
SlimG (2023) 86.55±0.30 87.97±0.50 74.76±0.30 44.27±1.60 88.13±0.30 84.45±0.70 74.76±0.42 58.73±0.85 82.21±0.45 84.54±0.52
H2GCN (2024) 88.23±0.60 89.14±0.70 77.64±0.40 57.23±1.30 90.56±0.50 87.72±0.30 – – 87.93±0.48 88.24±0.52
SeBot (2024) 87.24±0.10 88.74±0.13 78.15±0.21 58.34±0.35 90.46±1.44 82.12±2.42 67.54±1.12 65.89±1.05 86.45±0.18 86.12±0.22
BSG4Bot (2025) 89.15±0.40 89.89±0.20 79.53±0.20 59.42±1.30 91.75±0.70 88.53±1.50 68.21±0.55 66.15±0.85 87.23±0.45 86.82±0.48
BotBR (2025) 87.23±0.08 88.91±0.06 78.92±0.15 59.15±0.18 91.81±0.30 86.39±1.19 69.45±0.85 67.23±0.92 87.83±0.15 87.05±0.14

BWGNN (2022) 85.23±0.55 87.62±0.65 58.21±0.45 59.78±0.85 89.54±0.42 87.13±0.58 81.43±0.52 83.98±0.65 85.76±0.48 86.87±0.52
BernNet (2021) 87.78±0.45 88.43±0.55 78.93±0.35 59.98±0.75 79.56±0.48 88.43±0.62 76.56±0.55 84.13±0.68 86.16±0.45 87.63±0.52
JacobiConv (2022) 84.58±0.52 88.01±0.62 59.94±0.42 60.03±0.82 90.72±0.45 87.96±0.55 61.19±0.58 75.51±0.72 82.21±0.52 86.91±0.55
TFGNN (2025) 88.98±0.48 89.13±0.52 59.89±0.38 59.71±0.78 89.98±0.42 88.14±0.52 81.29±0.55 84.07±0.65 87.89±0.48 88.05±0.52

HW-Beta 87.23±0.12 88.16±0.15 77.54±0.08 60.98±0.25 91.43±0.18 88.93±0.22 89.50±0.15 91.16±0.18 88.16±0.12 89.59±0.15
HW-Jacobi 88.80±0.10 88.50±0.12 78.84±0.09 60.31±0.22 89.45±0.15 89.87±0.18 96.71±0.12 94.47±0.15 90.46±0.10 91.67±0.12
HW-BernStein 90.37±0.08 91.51±0.10 80.73±0.06 61.95±0.18 92.83±0.12 89.37±0.15 96.53±0.10 94.39±0.12 88.91±0.08 91.95±0.10

Improvement +1.37% +1.80% +1.50% +3.20% +1.11% +1.51% +18.76% +12.29% +2.89% +4.20%

Table 1: Accuracy and F1-score of Competitors on the Five Benchmarks.
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Figure 3: Sensitivity analysis of key parameters in HW-GNN. (a)–(c): F1-score on Twibot20, Twibot22, and
MGTAB datasets, respectively, with varying polynomial order K and different numbers of Gaussian windows S
(each line represents a different S). (d): F1-score variation with respect to the frequency distribution loss weight λf .

4.1.2 Baselines493

We compare HW-GNN against representative494

baselines spanning three categories: content-495

based method MLP; spatial GNNs including496

GCN (Kipf and Welling, 2016), GAT (Velick-497

ovic et al., 2017), BotRGCN (Feng et al., 2021b),498

RGT (Feng et al., 2022a), SlimG (Yoo et al.,499

2023), H2GCN (Shao et al., 2024), SeBot (Yang500

et al., 2024), BSG4Bot (Miao et al., 2025), and501

BotBR (Lin and Zhou, 2025); and spectral GNNs502

including GPR-GNN (Chien et al., 2020), Bern-503

Net (He et al., 2021), BWGNN (Tang et al.,504

2022), JacobiConv (Wang and Zhang, 2022), and505

TFGNN (Li et al., 2025).506

4.1.3 Implementation Details507

HW-GNN is implemented in PyTorch and DGL.508

All experiments run on a server with 256GB RAM,509

dual Intel Xeon Silver CPUs @2.4GHz, and an510

NVIDIA RTX A6000 GPU (48GB). To avoid over-511

fitting, we use early stopping based on validation512

Macro-F1.513

4.2 Performance on different Baselines 514

The experimental results are presented in Table 1. 515

We compare HW-GNN against all baselines across 516

the five benchmarks, reporting accuracy and F1- 517

score results. 518

HW-GNN achieves superior performance across 519

all benchmarks, demonstrating the effectiveness 520

of our homophily-aware Gaussian-Window con- 521

strained spectral network. On TwiBot-20, our 522

method outperforms the best baseline BSG4Bot 523

by 1.8% F1-score, showcasing the advantage of 524

our Gaussian window mechanism in capturing 525

bot-specific spectral features. For the challeng- 526

ing heterophilic TwiBot-22 dataset, we achieve 527

3.2% F1 improvement over the second-best method 528

JacobiConv, highlighting the effectiveness of our 529

homophily-aware adaptation in handling complex 530

heterophilic structures. Our method achieves 531

the most significant improvements on large-scale 532

datasets. T-Social achieves 12.3% F1 improvement 533

over BernNet and T-Finance shows 4.2% F1 im- 534

provement over H2GCN, demonstrating the supe- 535
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(a) TwiBot-20 (b) TwiBot-22 (c) MGTAB (d) T-Finance (e) T-social

Figure 4: Learned spectral filter h(λ) for different datasets by HW-GNN (blue) and original Bernstein polynomial
(black).

Model Twibot-20 Twibot-22 MGTAB T-social T-finance
Accuracy F1 Accuracy F1 Accuracy F1 Accuracy F1 Accuracy F1

HW-GNN (Full) 90.37±0.08 91.51±0.10 80.73±0.06 61.85±0.18 92.83±0.12 89.37±0.15 96.53±0.10 94.39±0.12 88.91±0.08 91.95±0.10

w/o Gaussian Window 87.78±0.45 88.43±0.55 78.93±0.35 59.98±0.75 79.56±0.48 88.43±0.62 76.56±0.55 84.13±0.68 86.16±0.45 87.63±0.52
w/o Homophily-Aware 88.73±0.25 89.42±0.32 79.25±0.22 60.39±0.45 91.69±0.28 88.78±0.35 94.59±0.25 93.67±0.32 88.98±0.22 89.23±0.28
w/o Multi-band(S=1) 86.81±0.35 87.78±0.42 75.23±0.28 56.42±0.55 86.24±0.32 82.32±0.45 92.83±0.38 90.27±0.48 86.95±0.35 88.43±0.42

Table 2: Ablation Study Results on the five Datasets.

rior capability of our approach in processing large-536

scale social networks. On MGTAB, our method537

surpasses BotBR by 1.1% accuracy, further validat-538

ing the robustness of our HW-GNN across diverse539

graph structures.540

Notably, our HW-GNN demonstrates strong541

plug-in compatibility with existing spectral archi-542

tectures and consistently outperforms their cor-543

responding standalone polynomial GNNs. The544

results validate that our Gaussian-Window con-545

strained spectral network can be effectively inte-546

grated with different polynomial bases (Beta, Ja-547

cobi, and Bernstein), with each HW variant show-548

ing significant improvements over the original poly-549

nomial methods, highlighting the broad applicabil-550

ity of our approach. The learned spectral filter551

responses h(λ) comparing HW-GNN with original552

spectral methods are visualized in Figure 4.553

4.3 Ablation Studies554

We perform ablation experiments using the Bern-555

stein polynomial basis on five datasets (Table 2).556

The results demonstrate that all components con-557

tribute significantly to the overall performance. Re-558

moving the Gaussian-Window component causes559

F1 to drop ranging from 0.94% to 10.26%, confirm-560

ing that the Gaussian-Window constrained spec-561

tral network is essential for effective spectral fo-562

cusing. The homophily-aware adaptation mecha-563

nism also shows consistent importance, with F1564

declines ranging from 0.59% to 2.72% when re-565

moved, validating the effectiveness of homophily566

domain knowledge injection for bot detection.567

Moreover, replacing multiple Gaussian windows568

with a single global filter results in significant per-569

formance degradation, with F1 drops ranging from 570

2.28% to 7.05%. This demonstrates the critical 571

necessity of multiple Gaussian windows for captur- 572

ing diverse bot behavioral patterns across different 573

frequency bands, particularly in networks where 574

bots exhibit varied spectral features. 575

4.4 Sensitivity Analysis of Key Parameters 576

We analyze parameter sensitivity in Figure 3. Per- 577

formance generally improves with increased Gaus- 578

sian windows S and polynomial order K, plateau- 579

ing around S values of 4 to 6 and K values of 3 580

to 4. We select S = 5 and K = 4 for the opti- 581

mal accuracy-efficiency trade-off. Regarding loss 582

weight λf , most datasets such as TwiBot-22 peak at 583

lower values ranging from 0.2 to 0.4, while others 584

like TwiBot-20 benefit from stronger homophily 585

guidance with higher weights. 586

Furthermore, robustness tests varying training ra- 587

tios from 10% to 80% show HW-GNN consistently 588

outperforms baselines, especially in low-resource 589

settings. This confirms our mechanism effectively 590

captures generalized spectral patterns with limited 591

supervision. 592

5 Conclusion 593

In this paper, we addressed the key limitation 594

of existing spectral GNNs for their insufficient 595

ability to achieve precise local region focusing 596

and inject valuable homophily domain knowl- 597

edge into bot detection. By employing Gaussian- 598

window constrained spectral network and incor- 599

porating homophily-aware adaptation mechanism, 600

HW-GNN achieves superior performance across 601

diverse social bot detection benchmarks. 602
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Limitations603

Our homophily-aware mechanism assumes a gen-604

eral correlation between homophily and spectral605

energy distribution, which might vary in specific606

adversarial settings where bots deliberately ma-607

nipulate their connections to mimic human behav-608

ior. Although our method shows improved robust-609

ness, future work should investigate more advanced610

mechanisms against such sophisticated adversarial611

attacks. Additionally, while our Gaussian window612

strategy effectively captures local spectral patterns,613

extending it to dynamic graphs with temporally614

evolving spectral characteristics remains a direc-615

tion for future exploration.616

Ethical considerations617

This work utilizes publicly available social network618

datasets for bot detection research. We strictly ad-619

here to the privacy policies of the respective plat-620

forms and the datasets’ terms of use. No personal621

identifiable information (PII) beyond what is pub-622

licly available in the datasets was processed or in-623

ferred. We acknowledge the potential dual-use of624

bot detection technology and emphasize that our625

method is intended for identifying automated ac-626

counts to improve platform integrity, not for sup-627

pressing legitimate user activities.628
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Appendix Overview853

This appendix provides supplementary materials for the main paper. Section A presents the detailed854

theoretical derivation proving that our Gaussian-windowed approach preserves the fundamental properties855

of graph convolution while offering superior local approximation capabilities. Section B includes856

additional experimental results, such as detailed dataset statistics and computational efficiency analysis,857

which further validate the effectiveness and scalability of HW-GNN.858

A Theoretical Analysis and Proofs859

In this appendix, we provide the theoretical foundation for our HW-GNN: Homophily-Aware Gaussian-860

Window Constraint Graph spectral network approach. We present two key theoretical proofs: (1) a861

step-by-step derivation proving that introducing Gaussian windows does not violate graph convolution862

theory and maintains the essential computational framework, and (2) mathematical proof that multi-interval863

fitting is superior to global fitting for spectral graph neural networks.864

A.1 Gaussian-Windowed Graph Convolution Derivation865

In this section, we prove that introducing Gaussian window functions does not change the essential nature866

of graph convolution and does not introduce new computational complexity, since the integral coefficients867

are constants.868

A.1.1 From Continuous Spectral Integration to Discrete Polynomial Implementation869

We start from continuous spectral domain integration and derive step-by-step to discrete polynomial graph870

convolution implementation:871

Step 1: Continuous Spectral Domain Filtering872

Y = UΛUTX =

∫ 2

0
g(λ) dE(λ)X (21)873

where E(λ) is the spectral measure and g(λ) is the filter function.874

Step 2: Introducing Gaussian Window Functions For the s-th Gaussian window:875

gs(λ) = exp

(
−(λ− ω0,s)

2

2σ2
s

)
(22)876

The windowed spectral filtering becomes:877

Ys =

∫ 2

0
gs(λ) dE(λ)X (23)878

Step 3: Polynomial Basis Approximation Take Bernstein basis functions (normalized to [0, 2] interval)879

for concrete illustration:880

P
(K)
k (λ) =

(
K

k

)(
λ

2

)k (
1− λ

2

)K−k

(24)881

Step 4: Computing Integral Coefficients (Key Step) The integral coefficients between Gaussian882

windows and Bernstein basis functions:883

cs,k =

∫ 2

0
gs(λ)P

(K)
k (λ) dλ (25)884

=

∫ 2

0
exp

(
−(λ− ω0,s)

2

2σ2
s

)(
K

k

)(
λ

2

)k (
1− λ

2

)K−k

dλ (26)885

Key Observation: cs,k are constants886

cs,k are constants independent of graph structure,
depending only on window parameters ω0,s, σs and polynomial order K887
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Step 5: Polynomial Approximation 888

gs(λ) ≈
K∑
k=0

cs,kP
(K)
k (λ) (27) 889

Step 6: Matrix Form of Polynomial Approximation 890

gs(L) ≈
K∑
k=0

cs,kP
(K)
k (L) (28) 891

Step 7: Expanding Bernstein Polynomials in Matrix Form For P (K)
k (L) =

(
K
k

) (
L
2

)k (
I− L

2

)K−k
, 892

we have: 893

P
(K)
k (L) =

(
K

k

)(
1

2

)k

Lk
K−k∑
j=0

(
K − k

j

)
(−1)j

(
1

2

)j

Lj (29) 894

=

(
K

k

)(
1

2

)k K−k∑
j=0

(
K − k

j

)
(−1)j

(
1

2

)j

Lk+j (30) 895

=
K∑

m=k

ak,mLm (31) 896

where ak,m are expansion coefficients (constants). 897

Step 8: Collecting Like Terms 898

gs(L) ≈
K∑
k=0

cs,k

K∑
m=k

ak,mLm (32) 899

=

K∑
m=0

(
m∑
k=0

cs,kak,m

)
Lm (33) 900

=
K∑

m=0

αs,mLm (34) 901

where: 902

αs,m =
∑m

k=0 cs,kak,m are constant coefficients 903

Step 9: Final Graph Convolution Form For the s-th window output: 904

Zs = gs(L)XWs (35) 905

=

(
K∑

m=0

αs,mLm

)
XWs (36) 906

=

K∑
m=0

αs,mLmXWs (37) 907
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Step 10: Multi-Window Combination908

H =

S∑
s=1

wsZs (38)909

=

S∑
s=1

ws

K∑
m=0

αs,mLmXWs (39)910

=

K∑
m=0

LmX

(
S∑

s=1

wsαs,mWs

)
(40)911

=
K∑

m=0

LmXWeff
m (41)912

where Weff
m =

∑S
s=1wsαs,mWs is the effective weight matrix.913

A.1.2 Theoretical Conclusions914

Theorem 1 (Gaussian Windows Preserve Graph Convolution Essence). The graph convolution with915

Gaussian window functions remains a K-th order polynomial graph convolution:916

H =
K∑

m=0

LmXWeff
m (42)917

where:918

1. The polynomial order remains K, with no higher-order terms introduced919

2. When the Gaussian parameters are defined, the coefficients αs,m are pre-computed constants.920

3. The computational complexity remains O(K · |E| · d · d′), same as traditional polynomial graph921

convolution922

Proof. Key proof points:923

1. Order preservation: From Step 8, regardless of how polynomials are combined, the highest-order924

term remains LK925

2. Constant coefficients: All coefficients cs,k, ak,m, and αs,m are constants independent of graph926

structure927

3. Complexity preservation: The main computation is still K matrix-matrix multiplications LmX928

929

A.1.3 Comparison with Traditional Polynomial Graph Convolution930

Traditional polynomial graph convolution:931

Htraditional =
K∑

m=0

βmLmXW (43)932

Gaussian-windowed polynomial graph convolution:933

HGaussian =
K∑

m=0

LmXWeff
m (44)934

Differences and our advantages:935

14



1. Coefficient design: Traditional methods use learnable scalar coefficients βm; we use Gaussian 936

window-designed coefficients αs,m 937

2. Frequency localization: Gaussian windows provide precise local spectral-band targeting, enabling 938

our method to more sensitively detect anomalous signals in the graph spectrum, whereas traditional 939

global filters lack this capability. 940
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A.2 Error Analysis for Local vs. Global Approximation in Subintervals941

A.2.1 Theoretical Foundations942

We first formalize the key approximation theorems required for our analysis:943

Theorem 2 (Jackson’s Theorem (Polynomial Approximation) (Jackson, 1930)). For any continuous944

function f ∈ C[a, b] and positive integer K, there exists an algebraic polynomial pK of degree at most K945

such that:946

∥f − pK∥L∞[a,b] ≤ CJ · ωf

(
b− a

K

)
(45)947

where ωf (δ) is the modulus of continuity of f , and CJ > 0 is an absolute constant. This establishes the948

fundamental error bound for polynomial approximations.949

Theorem 3 (Markov Brothers’ Inequality (Polynomial Stability) (Duffin and Schaeffer, 1941; Erdélyi,950

1993)). For any algebraic polynomial p of degree K defined on [a, b], and any subinterval I ⊆ [a, b], the951

following inequality holds:952

∥p∥L∞(I) ≤
(

|I|
b− a

)K

∥p∥L∞[a,b] (46)953

This quantifies how polynomial behavior on subintervals relates to their global behavior.954

A.2.2 Notation955

• Let Is = [ωs − 3σs, ωs + 3σs] be the effective support of Gaussian window gs (> 99.7% energy956

concentration)957

• hglobal: Global Bernstein approximation of degree K on [0,∆] (∆ = 2)958

• hs: Local polynomial approximation of degree K on Is959

• ϵ
global
s := maxλ∈Is |f(λ)− hglobal(λ)|960

• ϵlocal
s := maxλ∈Is |f(λ)− hs(λ)|961

• ∆ = 2: Global spectral bandwidth962

A.2.3 Core Comparison Theorem963

Theorem 4 (Error Dominance in Local Approximation). For any subinterval Is and f ∈ CK+1(Is), the964

local-to-global error ratio satisfies:965

ϵlocal
s

ϵglobal
s

≤ C1
σs
∆

+ C2

(σs
∆

)K
(47)966

where constants C1, C2 > 0 depend only on f ’s local smoothness and K, but not on σs or ∆.967

Proof. Step 1: Local error bound (Jackson’s theorem application). Using Theorem 2 on Is:968

ϵlocal
s ≤ CJ · ωf

(
|Is|
K

)
= CJ · ωf

(
6σs
K

)
(48)969

For f ∈ CK+1(Is), we strengthen this using Taylor remainders:970

ϵlocal
s ≤

∥f (K+1)∥L∞(Is)

(K + 1)!

(
6σs
K

)K+1

(49)971

Step 2: Global error decomposition. Let p∗s be the best polynomial approximation on Is. By reverse972

triangle inequality:973

ϵglobal
s = max

λ∈Is
|f(λ)− hglobal(λ)| (50)974

≥ max
λ∈Is

|f(λ)− p∗s(λ)|︸ ︷︷ ︸
ϵlocal
s

−max
λ∈Is

|p∗s(λ)− hglobal(λ)|︸ ︷︷ ︸
δs

(51)975
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where δs is the consistency error. 976

Step 3: Consistency error control (Markov inequality application). Applying Theorem 3 to q = 977

hglobal − p∗s: 978

δs = ∥q∥L∞(Is) ≤
(
|Is|
∆

)K

∥q∥L∞[0,∆] (52) 979

=

(
6σs
∆

)K

∥hglobal − p∗s∥L∞[0,∆] (53) 980

≤
(
6σs
∆

)K (
∥f − hglobal∥L∞[0,∆] + ∥f − p∗s∥L∞[0,∆]

)
(54) 981

Since ∥f − p∗s∥L∞[0,∆] ≤ ∥f − p∗s∥L∞(Is) + ωf (∆) = ϵlocal
s + ωf (∆): 982

δs ≤
(
6σs
∆

)K (
ϵtotal

global + ϵlocal
s + ωf (∆)

)
=:

(
6σs
∆

)K

M (55) 983

Step 4: Synthesis and asymptotic reduction. Combining results: 984

ϵglobal
s ≥ ϵlocal

s −
(
6σs
∆

)K

M (56) 985

≥ ϵlocal
s

[
1−

(
6σs
∆

)K M

ϵlocal
s

]
(57) 986

For σs < σ0 (where σ0 satisfies
(
6σ0
∆

)K M
ϵlocal
s

< 1): 987

ϵlocal
s

ϵ
global
s

≤

[
1−

(
6σs
∆

)K M

ϵlocal
s

]−1

(58) 988

= 1 +O
(
σK
s

)
as σs → 0 (59) 989

The dominant linear term comes from ϵlocal
s = O(σs) while ϵ

global
s remains bounded away from zero. 990

A.2.4 Asymptotic Superiority and Convergence 991

Corollary 1 (Bandwidth-Limited Convergence). For fixed approximation degree K ≥ 1: 992

lim
σs→0

ϵlocal
s

ϵglobal
s

= 0 (60) 993

with convergence rate O(σs) when f ∈ C1(Is), and O(σK
s ) when f ∈ CK+1(Is). 994

Proof. From Theorem 4: 995

• For f ∈ C1(Is): ϵlocal
s = O(σs) while ϵ

global
s ≥ c > 0 996

• For f ∈ CK+1(Is): ϵlocal
s = O(σK+1

s ) but denominator scales as O(σs) 997

In both cases, σs → 0 drives the ratio to zero. 998

A.2.5 Practical Implications 999

The analysis demonstrates: 1000

• Linear error reduction: ϵlocal
s decreases linearly with window bandwidth σs 1001

• Global bottleneck: ϵglobal
s is constrained by global smoothness requirements 1002

• Adaptive advantage: When σs < ∆/6, local approximation strictly dominates 1003

• Smoothness exploitation: Higher convergence rates for smoother f (O(σK+1
s )) 1004

17



A.3 Conclusion1005

Therefore, introducing Gaussian window to constrain is essentially a more sophisticated coefficient design1006

strategy that does not change the fundamental computational framework of polynomial graph convolution,1007

while providing stronger frequency domain control.1008

18



B Additional Experimental Results and Analysis 1009

1010

Figure 5: Learned spectral filter responses h(λ) for different datasets by HW-GNN (blue) and original Bernstein
polynomial (black).

1011

Figure 6: Spatial influence patterns learned by our multi-scale Bernstein-based graph filters.
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B.1 Detailed Dataset Statistics1012

Metric TwiBot-20 TwiBot-22 MGTAB T-Social T-Finance

# users 229,580 1,000,000 10,199 5,781,065 39,357
# human 5,237 860,057 7,451 5,606,785 37,554
# bot 6,589 139,943 2,748 174,280 1,803
# edges 227,979 3,743,634 1,700,108 146,211,016 42,445,086
# relations 2 2 7 1 1

Table 3: Statistics of Benchmarks.

B.2 Computational Efficiency Analysis1013

Model Time per Epoch Total Training Time

GCN 4m03s 10h42m
GAT 4m15s 12h38m
GraphSAGE 4m09s 13h25m
ClusterGCN 3m52s 5h01m
SlimG 2m01s 2h12m
BotRGCN 4m21s 12h07m
H2GCN 4m38s 13h54m
GPR-GNN 5m17s 13h49m
SeBot 3m58s 3h56m
BotBR 4m24s 4h35m
BSG4Bot 4m11s 4h12m

HW-GNN (Ours) 4m43s 11h24m

Table 4: Comparisons of running time on TwiBot-22
benchmark.

As shown in Table 4, HW-GNN achieves state-1014

of-the-art accuracy while maintaining competitive1015

computational efficiency. Notably, HW-GNN re-1016

quires comparably less training time to spatial1017

methods such as H2GCN and GPR-GNN, yet out-1018

performs them in detection accuracy, demonstrat-1019

ing that the Gaussian-window constraint mecha-1020

nism does not introduce prohibitive computational1021

costs. The total training time of 12h24m places1022

HW-GNN in the middle range among compared1023

methods, substantially faster than most traditional1024

GNN approaches (12~14 hours) while achieving1025

superior bot detection performance. This efficiency1026

ensures scalability to large-scale social networks1027

without sacrificing detection accuracy.1028

B.3 Learned Spectral Filter Analysis1029

Figure 5 presents the learned spectral filter re-1030

sponses h(λ) for different datasets, where HW-1031

GNN (blue) is compared with the original Bern-1032

stein polynomial method (black). Our approach1033

adaptively shapes the filter to highlight frequency1034

regions that are most informative for bot detec-1035

tion, rather than simply fitting the overall spectrum.1036

Specifically, the filter response is elevated in fre-1037

quency bands where anomalous or bot-related sig-1038

nals are prominent, ensuring these critical patterns1039

are effectively captured. In less relevant regions, 1040

the response is adaptively adjusted according to 1041

the structural characteristics of each dataset, rather 1042

than being uniformly suppressed. 1043

This adaptive mechanism allows HW-GNN to 1044

focus on the most discriminative spectral intervals 1045

for each dataset—whether that involves single or 1046

multiple peaks, or broader bands—while the origi- 1047

nal Bernstein polynomial method tends to produce 1048

smoother, less targeted filters that may dilute impor- 1049

tant anomaly signals. For example, in TwiBot-20 1050

and TwiBot-22, which exhibit more complex or 1051

heterophilic structures, HW-GNN captures multi- 1052

ple peaks across the spectrum, reflecting its ability 1053

to adapt to diverse and challenging bot detection 1054

scenarios. 1055

Overall, these results demonstrate that our 1056

method does not simply perform global fitting, but 1057

instead learns to emphasize only those frequency 1058

bands that are truly important for distinguishing 1059

bots from genuine users. This targeted spectral 1060

focusing leads to more effective and robust bot 1061

detection across a variety of network structures. 1062

B.4 Visualization and Spatial Analysis 1063

To provide intuitive understanding of how HW- 1064

GNN processes graph signals, we visualize the 1065

spatial influence patterns of our multi-scale poly- 1066

nomial filters and demonstrate the adaptive nature 1067

of spectral filtering. 1068

Figure 6 illustrates how different polynomial or- 1069

ders capture varying spatial scales. Lower orders 1070

(K = 1) focus on immediate neighbors with lo- 1071

calized influence, while higher orders (K = 7) ex- 1072

tend influence to distant nodes, creating broader re- 1073

sponse patterns. The bidirectional response capabil- 1074

ity (positive and negative values) allows HW-GNN 1075

to distinguish between homophilic and heterophilic 1076

patterns effectively, with positive responses indicat- 1077

ing structural consistency and negative responses 1078

highlighting anomalies. 1079
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