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Abstract

Bipartite graphs model interactions between two disjoint node sets in domains such as rec-
ommendation systems, ecology, political science, and bibliometrics. To our knowledge, no con-
trolled comparison of community detection methods across all six paradigms exists when only
network topology is used. We compare fourteen methods from six paradigms on eight real-world
bipartite networks (up to 10 million edges) and five synthetic benchmarks under a standardized
protocol (10 trials per method-dataset pair for primary comparisons; see Section 4.3 for excep-
tions). The six paradigms are classical modularity optimization, spectral and NMF, Bayesian
inference, information-theoretic, ecology-oriented, and graph neural networks. Friedman ranks
across the nine datasets where all eleven eligible methods completed (three methods excluded
due to scalability failures; four datasets excluded due to incomplete coverage) (x? = 42.90,
p < 0.001, Friedman test applied to NMI ranks) show that classical methods rank above GNNs
on average under topology-only evaluation. BiSBM ranks first (2.89), BiLouvain second (3.33),
and BRIM third (3.44). These three are statistically tied at the Nemenyi threshold. Both GNN
methods rank sixth or below. We report four main findings. First, classical methods match or
exceed GNNs at every tested scale from ~570 to 10 million edges. Second, projection baselines
incur small quality differences (A NMI from —0.005 to +0.051). Third, a classical neural hy-
brid (BiLouv+HOPE+) degrades standalone GNN performance on all six measured real-world
datasets. Fourth, no single automatic K selection strategy tested reliably recovers the true
community count across all real-world networks, though BiSBM MDL performs best among the
four strategies evaluated. We contribute three diagnostic analyses, a practitioner decision tree
for method selection, and a full reproducibility package.
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1 Introduction

Bipartite graphs are graphs whose nodes split into two disjoint sets, with edges only between sets.
They are widely used across applied sciences. These graphs arise in many domains. User item
interactions in recommendation systems [1], author paper affiliations in bibliometrics [2], drug
target bindings in pharmacology [3], gene disease associations in biomedicine [4], pollinator plant
visitation networks in ecology [5], and legislator bill cosponsorship in political science [6] all produce
bipartite networks. Discovering community structure in these networks is a core analytical task
with direct practical consequences. These include better product recommendations, research field
mapping, drug repurposing candidates, and voting bloc identification.

The bipartite clustering problem differs structurally from its unipartite counterpart. Edges
connect only across the two node sets. Standard community detection heuristics that maximize
Newman-Girvan modularity [46] are therefore misspecified. Barber [8] introduced bipartite modu-
larity @ p. Several algorithms optimize it, including BiLouvain [9], BRIM [8], and label propagation
variants [I0]. In parallel, spectral co-clustering decomposes the biadjacency matrix via SVD [11],
non-negative matrix tri-factorization (ONMTF) clusters both node sets simultaneously [12], and
Bayesian approaches based on the bipartite stochastic block model (BiSBM) [13] provide princi-
pled model selection. In ecology, QuanBiMo [I4] targets weighted bipartite networks. Bipartite
Infomap [38, B39] minimizes the map equation. More recently, graph neural networks have been
adapted for bipartite graphs, including TPC [15] (KDD 2024) and HOPE+ [16] (SIGMOD 2024).
BGAE [17] (TKDE 2024) uses SVD-based auto-encoding for multi-view bipartite graph clustering.

Despite this growing arsenal, to our knowledge, no prior study has placed methods from all six
paradigms on equal footing. Each of the recent GNN-based papers [15] 16, [I7] compares against its
own selected baselines. TPC [I5] benchmarks against 19 methods but excludes BRIM and BiLou-
vain. HOPE+ [16] tests 13 competitors but excludes BRIM and BiLouvain. BGAE [I7] addresses
multi-view bipartite graph clustering and does not compare with any classical modularity-based
methods. The result is that no single study provides a cross-paradigm comparison. Practitioners
cannot answer basic questions. Should they use a classical method or a neural one? When does the



added complexity of a GNN pay off? Is projecting the bipartite graph to unipartite a reasonable
shortcut?

This fragmentation exists despite evidence that method choice matters. Vasques Filho and
O’Neale [20] showed that unipartite projection distorts degree distributions, suggesting downstream
effects on community recovery. On the unipartite side, rigorous benchmarking has shown that the
gap between classical and neural methods is often smaller than expected [25]. Whether this holds
for bipartite graphs had not been systematically tested.

We make the following contributions:

1. To our knowledge, the first bipartite clustering benchmark covering all six paradigms.
Prior benchmarks (TPC [15], 19 methods; HOPE+ [16], 13 methods) omit ecology-oriented
and information-theoretic paradigms. We compare 14 methods from all six paradigms under
a single experimental protocol on 13 graph instances spanning six domains, with uniform
evaluation metrics and statistical testing.

2. Projection loss quantification. We measure the gap between native bipartite methods
and projection-based baselines. This provides practitioners with concrete guidance on when
projection is acceptable.

3. Classical neural hybridization experiment. We test whether prepending classical com-
munity labels to GNN input features improves bipartite clustering. It degrades performance
on all tested real-world datasets.

4. Diagnostic framework. We contribute three analyses: a multi-resolution resolution limit
study, a K selection strategy comparison, and an attributed versus topology-only ablation.
We also provide a practitioner decision tree for method selection.

5. Reproducibility package. All code, datasets, and scripts are released at https://github.
com/aneeshks/bipartite-benchmark (MIT license).

2 Related Work

2.1 Bipartite Graph Clustering

Community detection in bipartite networks developed later than its unipartite counterpart [41].
Barber [§] introduced bipartite modularity 5 and the BRIM algorithm. BiLouvain [9] extends
the Louvain [7] multilevel heuristic to bipartite modularity. LPAb+ [10] propagates labels across
bipartite edges. Dhillon [II] proposed spectral co-clustering via SVD. ONMTF [12] generalizes
this through non-negative matrix tri-factorization. Larremore et al. [I3] introduced an efficient
algorithm for fitting BiSBM using maximum likelihood inference. Peixoto [44] developed efficient
MCMC and greedy inference for the general SBM family, implemented in graph-tool. He later
extended this to hierarchical nested SBM [47], enabling multi-scale community detection. Hier-
archical variants are outside our benchmark scope (single-level partitions only) but represent an
important direction. Yen and Larremore [23] extended BiSBM to degree-corrected variants. We
note that degree-corrected BiSBM was not included in our benchmark (see Section 6.3). Dor-
mann and Strauss [I4] proposed QuanBiMo for weighted bipartite networks, implemented in the
bipartite R package [31I]. Rosvall and Bergstrom [38] introduced Infomap (software: mapequa-
tion.org [48]). Kheirkhahzadeh et al. [39] adapted it for bipartite networks. More recently, TPC [15]
and HOPE+ [16] bring GNN-based approaches to bipartite clustering. BGAE [17] uses SVD-based
auto-encoding to co-cluster multi-view bipartite graphs.
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2.2 Unipartite Benchmarks and Projection Approaches

Several comprehensive benchmarks and studies exist for unipartite graph clustering [21, 22] 25|, 26].
These establish the methodological template we follow but leave the bipartite setting untouched.
One-mode projection replaces the bipartite graph with a unipartite co-occurrence graph. This is
a common workaround. Vasques Filho and O’Neale [20] showed that projection distorts degree
distributions, implying information loss. Braun and Tyagi [27] studied minimax optimal clustering
of bipartite graphs. Candellone et al. [19] showed that community detection in bipartite signed
networks is highly dependent on parameter choice. Wyse et al. [28] used the latent block model
with exact ICL to infer structure and the number of clusters in bipartite networks. Zhou and
Amini [I8] analyzed spectral clustering algorithms for the general bipartite setting. We include
projection baselines to empirically quantify projection loss.

2.3 Excluded Methods

We excluded several method families. METIS [40] solves graph partitioning, which is a formally
distinct problem. Generic unipartite embeddings (DeepWalk [42], Node2Vec [43]) underperformed
bipartite-specific methods in TPC’s evaluation [I5]. Overlapping methods require an incompat-
ible evaluation framework. Tensor decomposition and contrastive learning methods lack suffi-
cient practical implementations. BiMLPA has no maintained implementation. Degree-corrected
BiSBM [23] is left for future work. ComClus targets attributed bipartite graphs, which falls outside
our topology-only scope. Details and the systematic review methodology are in Online Resource A.

2.4 Gap Analysis

Table [1| summarizes the comparison landscape. Each existing bipartite paper compares against
a narrow set of baselines. To our knowledge, our study is the first to include all six paradigms,
including ecology-oriented and information-theoretic methods, in a single evaluation.

Table 1: Existing bipartite clustering papers and the method classes they compare.

Study Classical Spectral Bayesian Info-Th. GNN Ecology Projection

TPC [I5] (KDD 2024) X v X X v X X

HOPE+ [16] (SIGMOD 2024) x v v x v x x

BGAE [I7] (TKDE 2024) X v X X X X X

Barber [8] / Beckett [24] v X X X X v X

Larremore et al. [13] X X v X X X X

Ours v v v v v v v
3 Methods

3.1 Problem Formulation

Let G = (U, V, E) be a bipartite graph with |U| = m, |V| = n, and biadjacency matrix B € R™*™.
The bipartite clustering problem seeks partitions of U and V such that within-community edges
are dense and between-community edges are sparse. Partition quality is measured by Barber’s



bipartite modularity [8]:
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where dZU , dV are node degrees, gl , gj are community assignments, and J is the Kronecker delta.

When K is unknown, we employ a Qg elbow method based on the second derivative criterion.
Compute Qp for K =2,..., Knax, smooth with a 3-point moving average, and select K at which
the second discrete derivative of the smoothed ()p curve is maximized. This is analogous to the
elbow method in k-means clustering [29] and operationalizes the Kneedle algorithm [30] for bipartite
modularity. Details including edge case handling are in Online Resource B.

5(g7 . 9)) (1)

3.2 Methods Compared

We compare 14 methods from six paradigms. Table 2] summarizes their key properties; full algo-
rithmic descriptions are in Online Resource C.

Table 2: Methods compared, with paradigm, K requirement, and complexity.

Method Paradigm K required? Complexity
BiLouvain [9] Classical No O(nyny) per iter
BRIM [§] Classical Yes O(]E|K) per iter
LPAb+ [10] Classical No (emergent) O(|E|) per iter
Spectral [I1] Spectral/NMF Yes O(nnz(B)log K)
ONMTF [12] Spectral/NMF Yes O(mnK) per iter
BiSBM [13], 44] Bayesian No (MDL via [44]) O(|E|K + nK?) per step
QuanBiMo [14] Ecology No (SA) O(|E|) per iter
Bip. Infomap [38,89] Info-Theoretic No (map eq.) O(|E|) per iter
TPC [15] GNN Yes Depends on arch.
HOPE+ [16] GNN Yes O(|E|d)

BGAE [17] Spectral/NMF Yes O(ndK) per iter
Proj+Louvain Projection No () O(|Eprojl)
Proj+Leiden [32] Projection No (7) O(|Eprojl)
BiLouv+HOPE+ Hybrid Yes O(|E|) + O(|E|d)

We classify BGAE [17] as Spectral/NMF rather than GNN because the original implementation
uses SVD-based matrix factorization in MATLAB with no trainable neural network components.
The “auto-encoding” in the name refers to a conceptual reconstruction objective, not a neural
autoencoder.

The BiLouv+HOPE+ hybrid tests whether classical community labels, encoded as one-hot
features, improve GNN-based clustering. This is a practical experiment, not a novel architecture.
Run BiLouvain to obtain community assignments. Encode them as one-hot vectors. Concatenate
with degree features and use as input to HOPE+.

4 Experimental Setup

4.1 Datasets

We select 13 graph instances spanning six domains, four scales, and varying structural properties
(Table . Eight real-world networks have ground truth community labels with explicitly assessed



validity. Five synthetic benchmarks use BiSBM planted partitions [13] with varying mixing pa-
rameter p. This gives BiISBM an inductive bias advantage on synthetic data because the data
generating process matches BiSBM’s generative model. Synthetic and real-world rankings should
therefore be interpreted separately.

Table 3: Dataset statistics and ground truth provenance. Full ground truth audit, including prove-
nance justification for each dataset, is in Online Resource D.

Dataset Domain |U| V] |[E| K  Density GT Validity
MovieLens-100K Recomm. 943 1,682 100K 3 0.063 Pseudo-GT
MovieLens-1M Recomm. 6,040 3,706 1M 3 0.045 Pseudo-GT
MovieLens-10M Recomm. 69,878 10,677 10M 3 0.013 Pseudo-GT
Amazon-Books E-commerce 50,000 1,039,611 4.8M 10 0.0001  Moderate
DBLP Academic 30,545 12,000 46K 4 0.0001  Strong
Poll.-Bristol Ecological 180 193 662 6 0.019 Strong
Poll.-Leeds Ecological 126 154 573 5 0.029  Strong
Congress-Bills Political 535 5,000 53K 2 0.020 Moderate
Syn-Easy/Med/Hard/  Synthetic 500— 500- 12K- 5- 0.005— Exact
Large/VLarge 50K 50K 12M 100 0.05

MovieLens ground truth communities are pseudo ground truth derived from user genre prefer-
ence profiles (943 users x 23 genres) via k-means clustering with K = 3. Internal validation via
silhouette score (Rousseeuw 1987) on this feature matrix yields 0.219 at K = 3, compared to 0.415
at K = 7; the K = 3 choice is retained for comparability with prior MovieLens clustering studies,
but readers should note it may not be optimal by this internal criterion. Amazon Books uses
top-level product category. DBLP uses research area venue classification. Pollinators use spatial
and temporal modules from Baldock et al. [5]. Congress uses party affiliation. Three originally
planned datasets (IMDB ActorMovie, DisGeNET, StackOverflow) were excluded for insufficient
ground truth rigor. DrugBank was excluded due to data access restrictions. Details are in Online
Resource D.

4.2 Evaluation Metrics

We report NMI (arithmetic mean normalized mutual information [33]) and ARI (adjusted Rand
index [34]) as primary cross-method metrics. These are supplemented by F1 macro [35] (with
Hungarian mapping when Kpreq = Kirue, greedy many-to-one otherwise), bipartite modularity
Q@ p [8], runtime (wall clock, mean of 10 runs), and peak memory. We note that greedy many-to-one
mapping can favor methods that over-partition. Full metric definitions are in Online Resource E.

4.3 Protocol

We run ten independent trials per method-dataset pair for the 11 Friedman-eligible methods (ran-
dom seed varies). The nine datasets where all 11 methods completed are: MovieLens-100K,
MovieLens-1M, MovieLens-10M, DBLP, Pollinator-Bristol, Pollinator-Leeds, Congress-Bills, Syn-
Easy, and Syn-Medium. ONMTF, Proj+Louvain, and Proj+Leiden run three trials each and are
excluded from the Friedman analysis due to scalability failures. Multi-method comparison uses
the Friedman test with post hoc Nemenyi tests and critical difference diagrams [36]. For methods
requiring K, we test both K = K4 and K from the Q) elbow method. We report results un-
der both default settings and the best from grid search (50 evaluations). Hardware: AMD Ryzen
9 7950X, 64 GB RAM, NVIDIA RTX 4090. Implementation sources are in Online Resource F
(Table S1).



Use of AI tools. During manuscript preparation, Al language models (Claude, Anthropic) were
used for editorial assistance including grammar checking, sentence rephrasing, and LaTeX format-
ting. All scientific content, experimental design, implementation, data analysis, and interpretation
are solely the work of the author.

5 Results

We present results on the five most informative datasets in the main body. Full per-dataset tables
for all 13 graph instances are in Online Resource G. On Amazon Books (50K x 1M, 4.8M edges,
K = 10), only 6 of 14 methods completed within the timeout. BiSBM achieved the highest NMI
among completed methods with correct K inference. Both GNN methods (TPC, HOPE+) and
BGAE either failed to converge or produced degenerate single-cluster outputs.

5.1 Overall Comparison: Classical vs. Neural (Q1)

Table 4: NMI, ARI, and runtime on MovieLens-100K (943 x 1,682, 100K edges, K = 3). Mean
+ std over 10 runs (3 runs for methods excluded from Friedman analysis). LPAb+, Spectral, and
ONMTF omitted (degenerate single-cluster output); see Online Resource G for full results.

Method Paradigm NMI ARI @p  Runtime (s)
QuanBiMo Ecology 0.108 £0.005 0.084 0.256 20.2
Proj+Leiden Projection 0.104 £ 0.000 0.075 0.243 54.9
BiLouvain Classical 0.102 £ 0.000 0.079  0.259 11.2
Proj+Louvain Projection 0.101 + 0.003 0.070  0.243 105.5
BiSBM Bayesian 0.096 £0.001  0.096  0.227 6.0
Bip. Infomap Info-Theoretic ~ 0.090 £ 0.000 0.066 0.255 18.6
BRIM Classical 0.083 £ 0.003 0.060  0.255 6.9
HOPE+ GNN 0.023 £ 0.017 0.013  0.059 54.6
BGAE Spectral/NMF  0.020 + 0.002 0.015  0.000 7.4
TPC GNN 0.009 £0.001  —0.004 0.000 8.6
BiLouv+HOPE+ Hybrid 0.008 £ 0.000 0.000  0.000 23.6

NMI values are low across all methods (0.008 to 0.108), likely reflecting the limitations of pseudo
ground truth derived from genre preference profiles. Classical and ecology methods occupy the top
ranks. Both GNN methods fall below every classical method. TPC collapses to Kpeq = 2. BGAE
also collapses to Kpreq = 2. HOPE+ (NMI = 0.023) achieves less than a quarter of BiLouvain’s
score. BiLouv+HOPE+ collapses to NMI = 0.008. BiLouvain over-segments to K = 5, producing
degenerate one-hot features that appear to cause HOPE+ to merge all users into one cluster.

BiLouvain leads despite over-segmenting (Kped = 6 vs Kiue = 3). BiSBM achieves NMI
= 0.211 with correct K = 3 inference at only 7 seconds. That is 149x faster than HOPE+ (1,0425s)
with an NMI difference of +0.118 (0.211 vs 0.093). HOPE+ ranks seventh at over 17 minutes per
run with high variance (std = 0.049). For the two GNN methods tested, no scale advantage is
observed at the tested scales under topology-only conditions. BiLouv+HOPE+ (NMI = 0.003, RT
= 1,1718) ranks last among completed methods despite correctly predicting K = 3.

Congress reveals the bipartite resolution limit. BiLouvain and Infomap both find K = 256
communities on a K = 2 graph, resulting in NMI around 0.18. Methods given K = 2 (BRIM,
BiSBM, projections) achieve NMI above 0.977. The two-party structure is recovered with near-
perfect accuracy (NMI > 0.977) when K is known.



Table 5: NMI and runtime on MovieLens-1M (6,040 x 3,706, 1M edges, K = 3). Mean =+ std over
10 runs (3 runs for Proj+Leiden). ONMTF and Proj+Louvain excluded due to excessive runtime
on near-complete projection graph.

Method NMI Runtime (s) Kpred
BiLouvain 0.248 + 0.000 279 6
QuanBiMo 0.224 £ 0.024 90 7
Bip. Infomap 0.220 £ 0.000 235 4
BiSBM 0.211 £+ 0.000 7 3
BRIM 0.202 £ 0.000 46 3
Proj+Leiden 0.197 £+ 0.000 852 3
HOPE-+ 0.093 + 0.049 1,042 3
BGAE 0.046 £+ 0.023 16 2
TPC 0.004 £+ 0.001 56 2
BiLouv+HOPE+  0.003 = 0.001 1,171 3

Table 6: NMI and runtime on Congress-Bills (535 x 5,000, 53K edges, K = 2). Mean + std over
10 runs (3 runs for ONMTF, Proj+Leiden, Proj+Louvain; 30 runs for HOPE+ and QuanBiMo,
marked 1). Spectral, TPC, and BGAE omitted (convergence failure or degenerate output on this
dataset); see Online Resource G.

Method NMI Runtime (s) Kpred
BRIM 0.980 4+ 0.000 1.0 2
BiSBM 0.980 £ 0.001 1.5 2
Proj+Leiden 0.978 4+ 0.000 1.7 2
Proj+Louvain 0.978 = 0.000 15.9 2
ONMTF 0.977 +£0.002 16.4 2
HOPE+ 0.848 4+ 0.101* 73.7 2
QuanBiMo 0.610 + 0.079* 5.0 3
Bip. Infomap 0.179 £ 0.000 13.8 256
BiLouvain 0.178 £ 0.000 4.3 256
LPAb+ 0.151 £ 0.002 0.3 508
BiLouv+HOPE+  0.003 4+ 0.003 74.7 2
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Table 7: Friedman ranks across 9 datasets (11 methods feasible on all 9; ONMTF, Proj+Louvain,
Proj+Leiden excluded due to scalability failures). Mean + std over 10 runs per method-dataset
pair. Friedman x? = 42.90 (df = 10), p < 0.001, Nemenyi CD = 5.033. All methods receive
Kirye as input. Methods with built-in model selection (BiSBM, BiLouvain, Bip. Infomap, LPAb+,
QuanBiMo) may predict a different number of communities (Kpreq); Table |4f reports Kpreq where
it differs from Kirye.

Method Paradigm NMI Rank ARI Rank Overall Rank 95% Boot. CI
BiSBM Bayesian 3.44 2.33 2.89 [2.56, 4.33]
BiLouvain Classical 2.22 4.44 3.33 [1.33, 3.39]
BRIM Classical 3.67 3.22 3.44 [2.44, 4.89]
Bip. Infomap Info-Theoretic 4.89 5.44 5.17 [3.28, 6.72]
QuanBiMo Ecology 5.56 4.89 5.22 [3.44, 7.56]
HOPE+ GNN 5.78 5.22 5.50 [4.56, 7.00]
BGAE Spectral/NMF 7.22 5.67 6.44 [6.33, 8.11]
Spectral Spectral/ NMF 7.61 7.83 7.72 [5.89, 9.33]
BiLouv+HOPE+ Hybrid 7.78 8.89 8.33 [5.67, 9.44]
LPAb+ Classical 8.44 8.78 8.61 [6.33, 10.33]
TPC GNN 9.39 9.28 9.33 [8.67, 10.06]

BiSBM ranks first overall (2.89), followed by BiLouvain (3.33) and BRIM (3.44). Kendall’s
W = 0.477 (95% bootstrap CI: [0.437, 0.682]; permutation p < 0.0001), indicating statistically
significant moderate concordance across datasets. Bias-corrected and accelerated (BCa) bootstrap
95% CIs on mean ranks (10,000 resamples of dataset-level rank vectors, rightmost column of Table
confirm that the top-3 group (BiSBM, BiLouvain, BRIM) is separated from the bottom-3 (LPAb+,
BiLouv+HOPE+, TPC) with non-overlapping intervals. The mid-range (Infomap through BGAE)
shows substantial overlap. The top three are statistically tied at the Nemenyi threshold (CD
= 5.033), as are the top five including Infomap (5.17) and QuanBiMo (5.22). Both GNN methods
rank sixth or below: HOPE+ (5.50) and TPC (9.33, last). BGAE (6.44), reclassified as Spec-
tral/NMF, also ranks in the lower half. Seven method pairs are significantly separated by Nemenyi
test. BiSBM, BiLouvain, and BRIM are each significantly better than TPC. BiSBM is additionally
significantly better than both BiLouv+HOPE+ and LPAb+. BiLouvain and BRIM are each signif-
icantly better than LPAb+. All seven pairs show large effect sizes (ES = rank difference/(k — 1)):
BiSBM > TPC (ES = 0.64), BiLouvain > TPC (0.60), BRIM > TPC (0.59), BiSBM > LPAb+
(0.57), BiSBM > BiLouv+HOPE+ (0.54), BiLouvain > LPAb+ (0.53), and BRIM > LPAb-+
(0.52). The three excluded methods (Proj+Leiden, Proj+Louvain, ONMTF) would likely alter
mid-range rankings if included. Their exclusion reflects hardware limits, not inherent quality.

'"Extended 30-run analysis (300 total seeds) reveals that both HOPE+ and QuanBiMo are multimodal at the
seed level on Congress. Hartigan’s dip test on the 300 seed-level NMI values confirms non-unimodality for both
HOPE+ (dip = 0.427, p < 0.0001) and QuanBiMo (dip = 0.206, p < 0.0001), making mean + std misleading.
HOPE+ is bimodal: 86% of seeds converge to NMI around 0.98 while 14% collapse to near zero. Per-run means
(each averaging 10 seeds) range from 0.60 to 0.98, yielding 0.848 +0.101 across 30 runs. QuanBiMo is trimodal: 42%
of seeds reach NMI around 0.98, 47% settle at NMI around 0.42 (Kprea = 3), and 11% collapse to near zero. Per-run
means range from 0.47 to 0.77, yielding 0.610 4+ 0.079. Both methods are sensitive to random initialization on this
dataset. Practitioners should run multiple restarts and inspect the full distribution. BiLouv+HOPE+ fails severely
(NMI = 0.003). The K = 256 BiLouvain prior produces 256-dimensional degenerate features that overwhelm any
signal.



Conservative analysis (MovieLens independence). Three of 9 Friedman datasets are Movie-
Lens variants sharing pseudo GT derivation, potentially violating the independence assumption.
We therefore present a conservative N = 7 analysis on equal footing with the N = 9 result. We re-
peated the analysis three times, each retaining one MovieLens representative (N = 7, CD = 5.707).
The ML-10M-only scenario is the strictest test. ML-10M shares the least structure with ML-100K
and ML-1M (different user population, much sparser), maximizing effective independence. Under
this most conservative scenario (ML-10M only, W = 0.445), BiSBM and BRIM remain signifi-
cantly better than TPC (2 significant pairs). Under ML-1M (W = 0.489), 4 pairs survive. Under
ML-100K (W = 0.472), 3 pairs survive. In all three N = 7 scenarios, concordance remains mod-
erate (W = 0.445 to 0.489 vs. 0.477 at N = 9), the top-3 ranking (BiSBM, BRIM, BiLouvain) is
preserved, and TPC remains last. The core finding, that classical methods rank above GNNs; is
robust to MovieLens correction. We recommend that readers treat the N = 7 conservative result
as the primary statistical evidence and N = 9 as the inclusive upper bound.

Critical Difference Diagram — NMI ranks (9 datasets)
Friedman ¥x2=42.90, p=7.09%x10-°, k=11 methods

BiLouvain -

-=--- HOPE+
‘ - BGAE
BiSBM - _~CD=5.033
’ & 4 Spectral
BRIM 5
"+ BiLouv+HOPE+
Bip. Infomap —
QuanBiMo LTPC

Figure 1: Critical difference diagram (Demsar 2006) showing NMI average ranks across N = 9
datasets. CD = 5.033 (o = 0.05). Methods connected by a horizontal bar are not significantly
different.

5.2 Synthetic Benchmark: Difficulty Spectrum

A phase transition occurs near 1 = 0.5, consistent with detection threshold theory [45]. All methods
except BiLouvain collapse below NMI = 0.03. BiSBM is the best principled method at u = 0.3
(NMI = 0.148, auto-selects K = 10 exactly). This advantage may be partly attributable to BISBM’s
inductive bias match with the planted partition generator (Section . At high noise (u > 0.5),
BiLouv+HOPE+ marginally leads K-correct methods (NMI = 0.027 to 0.030 vs 0.018 to 0.027 for
BiSBM and HOPE+). This synthetic advantage does not transfer to real-world data (Section .
Our results suggest that planted-partition benchmark rankings may not transfer to real-world data
when failure modes depend on network topology.
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Table 8: NMI on Syn-Medium (1,000 + 1,000 nodes, K = 10) as mixing parameter p increases. All
14 methods measured.

Method p=01 =03 pu=05 p=07 =09
BRIM 1.000 0.144 0.022 0.018 0.018
BiSBM 1.000 0.148 0.025 0.019 0.020
HOPE+ 1.000 0.098 0.027 0.018 0.020
BiLouvain 0.971 0.181*  0.134*  0.147*  0.147*
Proj+Louv 0.998 0.113 0.016 0.013 0.011
BiLouv+HOPE+  0.965 0.042 0.029 0.030 0.027
TPC 0.651 0.050 0.012 0.009 0.011
LPAb+ 0.333 0.000 0.000 0.000 0.000

*BiLouvain NMI at x4 > 0.3 is sustained by over-segmentation (Kprea = 77 to 98 vs Kirue = 10), not by genuine
community recovery. Selected methods shown; full table in Online Resource G.

NMI vs. Mixing Parameter u on Syn-Medium (100041000, K=10)
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Figure 2: NMI vs. mixing parameter p for all 14 methods on Syn-Medium. Vertical dotted line
marks the phase transition at p = 0.5.
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5.3 Projection Loss (Q2)

Table 9: Projection loss: gap between best native bipartite method and best projection baseline.
ML-10M and Amazon-Books are excluded (projection methods infeasible due to OOM).

Dataset Best Native Best Projection A-NMI
Congress BRIM (0.980) Proj+Leiden (0.978) +0.002
ML-100K QuanBiMo (0.108) Proj+Leiden (0.104) +0.004
Poll.-Leeds ~ BRIM (0.613) Proj+Leiden (0.580) +0.033
ML-1M BiLouvain (0.248)  Proj+Leiden (0.197) +0.051
Poll-Bristol BRIM (0.278)*  Proj+Louv (0.283)  —0.005**

**At equal K; the apparent +0.195 gap using BiLouvain (K = 115) is a resolution limit artifact.

Projection loss is small on all five measurable datasets. A NMI ranges from 0.005 below to
0.051 above. On Congress, projection baselines essentially tie the best native methods. On these
small-to-medium datasets, this suggests that the information loss from one-mode projection [20]
does not translate into proportional community detection degradation. However, at ML-10M scale
(69,878 users), projection becomes infeasible. B x BT produces approximately 4.9 billion non-
zeros requiring approximately 48 GB. Projection is a viable shortcut for small-to-medium bipartite
graphs but hits a hard memory wall at scale.

5.4 Hybrid Results (Q3)

Table 10: NMI comparison: BiLouvain, HOPE+, and BiLouv+HOPE+ on real-world datasets.
Standard 10-run means used throughout. HOPE+ Congress NMI (0.789) differs from Table [f]
(0.848) because Table @ reports the extended 30-run mean; HOPE+ is bimodal on Congress (Sec-
tion , so different sample sizes yield different means.

Dataset BiLouvain HOPE+ BiLouv+HOPE+ A vs HOPE+
Congress 0.178 0.7897 0.003 —0.786
ML-1M 0.248 0.093 0.003 —0.090
Poll.-Bristol 0.478 0.132 0.050 —0.082
Poll.-Leeds 0.478 0.132 0.062 —0.070
ML-100K 0.102 0.023 0.008 -0.015
ML-10M 0.063 0.027 0.001 —-0.026

THOPE+ Congress NMI differs from Table @ (0.848) because Table [10| reports the standard 10-run mean while
Table @ reports the extended 30-run mean. HOPE+ is bimodal on Congress (Section , so different sample sizes
yield different means.

On all six measured real-world datasets, BiLouv+HOPE+ degrades standalone HOPE+ (A NMI
= —0.015 to —0.786 below). The failure pattern is consistent across datasets. BiLouvain over-
segments (Kpred = 5 to 256 depending on dataset), producing degenerate one-hot features that
appear to cause HOPE+’s embedding to collapse. The failure magnitude correlates with BiLou-
vain’s over-segmentation severity. It is worst on Congress (Kpred = 256 for Kirue = 2, A = —0.786)
and least harmful on ML-100K (Kpreq = 5 for Kirue = 3, A = —0.015). This does not support
the expectation that BiLouvain community labels, used as one-hot input features, would improve
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HOPE+ clustering. It suggests that the well-known feature augmentation recipe may not transfer
to the bipartite setting when the classical prior is unreliable.

5.5 Scalability

Table 11: Runtime (seconds) on selected datasets.

Method ML-100K ML-1M ML-10M
LPAb+ 1.0 4 38
BiSBM 6.0 7 48
BRIM 6.9 46 414
BiLouvain 11.2 279 1,032
Spectral 67.3 461 29t
HOPE+ 54.6 1,042 4,425
BiLouv+HOPE+ 23.6 1,171 5,383
TPC 8.6 56 38

fSpectral’s non-monotonic runtime (67s to 461 s to 29s) reflects a dense-to-sparse transition in the biadjacency
matrix. ML-100K is moderately dense (density 0.063), causing expensive dense SVD. ML-1M is larger but sparser,
hitting worst-case iteration counts. ML-10M’s extreme sparsity (density 0.013) allows the sparse ARPACK solver to
converge rapidly.

Classical methods scale well. BiSBM processes ML-10M in 48 seconds while achieving the
best K-correct NMI (0.039). HOPE+ takes 4,425 seconds (74 minutes) on ML-10M for NMI
= 0.027. That is worse quality than Spectral (NMI = 0.041, 29 seconds) at 153x the runtime.
BiLouv+HOPE+ incurs both BiLouvain’s runtime overhead and HOPE+’s convergence failure:
5,383 seconds for NMI = 0.001. On Syn-Large (10K + 10K, K = 50), BiSBM and HOPE+ achieve
identical NMI (0.033), but BiSBM takes 151 seconds versus HOPE+’s 19,476 seconds. That is
a 129x cost premium for identical quality. Full scalability tables including memory and larger
datasets are in Online Resource H.

5.6 Automatic K Selection (D2)

Table 12: Automatic K selection comparison: inferred K and NMI (K not given to any method).

Dataset Kiwe BiSBM MDL @p Elbow Infomap LPAb+

Syn-Easy 5 5/1.000 5/1.000 5/1.000 5/1.000
Syn-Medium 10 10 / 0.148 n.m. 3/ 0.034 1/ 0.000
Syn-Hard 20 20 / 0.034 n.m. 2 /0.002 1/ 0.000
ML-100K 3 3/0096  3/0102 3/0090  1/0.000
Congress 2 2 /0.980 3/0.178 256 /0.179 508 / 0.151
Poll.-Bristol 6 6 /0.248 3/0478 115 /0.478 117 / 0.464
Poll.-Leeds 5 5/0566  3/0478 83 /0478 82/ 0.459

On synthetic benchmarks, BiISBM MDL correctly infers K (Syn-Easy: 5, Syn-Medium: 10,
Syn-Hard: 20). On real-world data, BiSBM MDL recovers the correct K on all four datasets
(Congress: K = 2, ML-100K: K = 3, Bristol: K = 6, Leeds: K = 5). Among the four automatic
K-selection strategies tested, BiSBM MDL is the most accurate on these datasets. However, its

13
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Figure 3: Runtime—quality Pareto frontier averaged across all 9 datasets. Five methods are Pareto
optimal: LPAb+ (NMI = 0.229, 5.0s), BiSBM (0.369, 10.3s), BRIM (0.373, 53.5s), Proj+Leiden
(0.404, 139.0s), and Proj+Louvain (0.437, 223.7s). The remaining 9 methods, including both GNN
methods, are Pareto dominated.
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NMI varies (0.096 on ML-100K, 0.248 on Bristol, 0.566 on Leeds, 0.980 on Congress). Correct K
alone does not guarantee high partition quality. Q5 Elbow defaults to K = 3 on all four real-world
datasets. Infomap severely over-segments (K = 83 to 256). LPAb+ either collapses to K =1 or
over-segments to K = 82 to 508.

A notable pattern: @Qp Elbow defaults to K = 3 on all four real-world datasets. This suggests
a systematic bias toward small K in the second derivative criterion. ()p curves on the real-world
bipartite graphs tested here plateau early, making the elbow detector fire at the first inflection
point regardless of true community count.

Among the four strategies tested, BiSBM MDL is the most accurate K-selection strategy on
these datasets, but practitioners should still cross-reference multiple strategies and validate against
domain knowledge.

5.7 Multi-Resolution Analysis (D1)

The resolution limit [37] is a known challenge for modularity-based methods. Varying BiLouvain’s
resolution parameter v on Congress reveals a sharp optimum. ~ = 0.5 yields K = 3, NMI =
0.980 (matching BiSBM), while the default v = 1.0 produces K = 256, NMI = 0.178. On Syn-
Medium, no v value recovers Kiyye = 10. The resolution limit prevents finding the planted structure
regardless of parameter choice. The bipartite resolution limit produces extreme over-segmentation:
at default parameters, BiLouvain finds K = 256 communities on a K = 2 graph. BiLouvain
matches Infomap’s severe over-segmentation on every measured real-world dataset. Full v sweep
data are in Online Resource I.

5.8 Attributed vs. Topology-Only Ablation (D3), Preliminary Observation

On MovieLens-100K (single dataset case study), node features do not improve bipartite clustering.
TPC shows A NMI = +0.002, BGAE +0.001, and HOPE+ is actively hurt (A NMI = —0.030).
Demographic attributes appear uninformative for genre-preference community recovery and slightly
degrade HOPE+ performance. Classical BiLouvain (NMI = 0.102) ranks above the best attributed
result by over 4x at lower runtime. However, MovieLens demographic features (age, gender, oc-
cupation) are weak proxies for genre preference communities. This makes the test an inadequate
measure of attributed method potential. This is a preliminary observation from a single dataset
with non-predictive attributes, not a generalizable finding. Extending the attributed evaluation to
datasets where node features are known to correlate with ground truth communities (for example,
academic networks with topic features, or e-commerce with product metadata) is an important
direction for future work. Our title claim and all cross-method conclusions are restricted to the
topology-only setting.

6 Discussion

6.1 Key Findings

Our results support three main conclusions. First, the unipartite finding that classical methods are
competitive with neural approaches transfers to bipartite networks under topology-only evaluation.
An important caveat applies: BiLouvain specifically fails on real-world datasets with small K due
to the resolution limit (over-segments to K = 83 to 256 for Ky = 2 to 6). However, BRIM
and BiSBM rank above both GNNs (statistically significantly above TPC, statistically tied with
HOPE+ at the Nemenyi threshold) at 10 to 100x lower runtime across all tested scales. For the
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two GNN methods tested, no scale advantage is observed at any tested scale up to 10M edges
under topology-only conditions. HOPE+ delivers NMI = 0.027 at 74 minutes per run, worse than
Spectral (NMI = 0.041, 29 seconds).

Second, projection baselines are more competitive than prior theoretical analysis [20] would
suggest. On five measurable datasets, projection loss ranges from A NMI = —0.005 to +0.051.
This is smaller than the degree distribution distortion reported by Vasques Filho and O’Neale [20]
would suggest. However, projection becomes infeasible at scale due to memory requirements.

Third, the BiLouv+HOPE+ hybrid degrades standalone HOPE+ on all measured real-world
datasets, while leading K-correct methods on synthetic high-noise benchmarks. This divergence
illustrates that synthetic benchmark rankings may not transfer to real-world data when failure
modes are topology dependent.

6.2 Practitioner Decision Tree

Based on our results, we propose the following guidance for method selection.

Scope note: this decision tree applies to hard partition, topology-only bipartite community de-
tection. Overlapping community detection, attributed settings, and graphs exceeding 10M edges
are outside the evaluated scope.

1. Scale above 1M edges, speed critical? Use BiSBM (48s on ML-10M, best K-correct
NMI) or Spectral (29s via sparse SVD). Avoid HOPE+ (74 min for inferior NMI). Evidence:
Table L1l

2. K unknown? Use BiSBM MDL as a first estimate, cross-check with Qg Elbow. Neither is
reliable alone. Domain validation is essential. Avoid Infomap and LPAb+ as K selectors on
networks with small K. Evidence: Table[12

3. Weighted interactions? Use QuanBiMo or BiLouvain with weighted @ p. (Our benchmark
uses unweighted topology; this recommendation is based on algorithmic design, not empirical
evidence from this study.)

4. Rich node attributes available? Our benchmark evaluates topology-only performance.
We cannot recommend for or against GNNs in the attributed setting based on current evidence
(Section is a single dataset preliminary observation). Dedicated attributed benchmarks
are needed.

5. Interpretability required? Use BiSBM (generative model) or BiLouvain (modularity ob-
jective).

6. Robustness to feature noise? Use classical methods. Do not use BiLouv+HOPE+.
Evidence: Table [1d.

6.3 Limitations

Several limitations should be noted. (1) All methods receive only topology (degree features for
GNNs). The attributed ablation uses only MovieLens-100K and should be considered a prelimi-
nary observation (see Section . Results may differ when GNNs receive rich node attributes.
Extending the attributed evaluation to additional datasets with predictive attributes is an impor-
tant direction. (2) MovieLens and Amazon Books use derived ground truth, and three MovieLens
scales in the 9-dataset Friedman give pseudo GT 33% weight. Our sensitivity analysis (Section
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shows the ranking is robust to this concern, but the pseudo GT caveat remains. (3) BiSBM uses
a custom Python re-implementation rather than graph-tool [44]. Validation against published re-
sults (Online Resource J) shows NMI agreement within 0.02 on 5 of 7 tested datasets. The two
largest deviations (A NMI = 0.03 on Pollinators-Bristol and 0.04 on Syn-Hard) are attributable
to MCMC sampling variance. Direct comparison using graph-tool’s minimize blockmodel_dl on
all datasets would further strengthen confidence. (4) HOPE+ and QuanBiMo exhibit multimodal
convergence on Congress (see note in Section . The 30-run experiments confirm this is ini-
tialization sensitivity rather than sampling noise, but further analysis of the loss landscape that
produces these modes is beyond this paper’s scope. (5) Projection loss at ML-10M scale could
not be measured. (6) Three methods are excluded from the Friedman analysis due to scalability
failures. (7) Our scope is limited to hard partition, topology-only community detection at scales up
to 10M edges. Overlapping communities, dynamic and temporal networks, billion-edge graphs, and
degree-corrected BiSBM [23] are out of scope. The degree-corrected variant may improve BiSBM’s
performance on networks with heterogeneous degree distributions (for example, scale-free bipartite
graphs), potentially widening or narrowing the classical-GNN gap depending on the dataset.

7 Conclusion

We have presented, to our knowledge, the first benchmark covering all six paradigms of bipartite
community detection, comparing fourteen methods on thirteen graph instances under topology-only
evaluation. Our key findings are:

1. Under topology-only evaluation, the top three classical methods (BiSBM, BiLouvain, BRIM)
achieve higher aggregate Friedman ranks than both GNN methods across all tested scales,
though individual rankings vary by dataset. The top three are statistically tied with each
other, and significantly separated from TPC (last ranked). This finding is robust to MovieLens
independence correction (N = 7 sensitivity analysis).

2. Projection baselines are more competitive than prior theoretical analysis [20] would suggest
(A NMI in [—0.005, 40.051] on all measurable datasets) but become infeasible at large scale
due to memory.

3. The BiLouv+HOPE+ hybrid degrades standalone HOPE+ on all six measured real-world
datasets, which we hypothesize results from BiLouvain’s resolution-limit failure producing
degenerate features.

4. No single automatic K selection strategy tested reliably recovers the true community count
across all real-world bipartite networks, though BiSBM MDL performs best among the four
strategies evaluated. Cross-referencing multiple strategies is essential.

5. The bipartite resolution limit is a prominent failure mode for BiLouvain and Infomap on
real-world networks with small K.

All code, datasets, and scripts are available at https://github.com/aneeshks/bipartite-benchmark
(MIT license).

Whether this advantage persists when GNNs receive rich, predictive node attributes remains
an open question. Our single-dataset attributed ablation (Section is insufficient to answer it.
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Future work. We identify five directions: (1) attributed bipartite benchmarks with predictive
node features, (2) overlapping bipartite community detection, (3) dynamic and temporal bipar-
tite graphs, (4) billion-edge scale evaluation, and (5) extension to k-partite and heterogeneous
information networks.
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