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Research Questions and Experimental Results

RQ1: How much progress has been made by existing GC methods?

OO0 Key Takeaways 1: Current node-level GC methods can achieve nearly lossless
condensation performance. There is still a significant gap between graph-level
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Figure 1: The GC methods can be broadly divided into two categories: The first category depends
on the backbone model, refining the condensed graph by aligning it with the backbone’s gradients
(a), trajectories (b), and output distributions (c) trained on both original and condensed graphs. The
second category, independent of the backbone, optimizes the graph by matching its distribution with
that of the original graph data (d) or by identifying frequently co-occurring computation trees (e).

Graph condensation (GC) works are in a promising direction and show
tremendous performance by condensing the large-scale dataset into a
generated smaller one preserving the original datasets’ valuable
information. We introduce GC-Bench, an open and unified benchmark to
systematically evaluate existing graph condensation methods focusing on
the following aspects. Effectiveness: the progress in GC, and the impact of
structure and initialization on GC; Transferability: the transferability of

GC methods across backbone architectures and downstream tasks;
Efficiency: the time and space efficiency of GC methods. The contributions
of GC-Bench are as follows:

« Comprehensive benchmark and Key findings. GC-Bench
systematically integrated 12 representative and competitive GC methods
on both node-level and graph-level by unified condensation and
evaluation, giving multi-dimensional analysis in terms of effectiveness,
transferability, and efficiency

 Open-sourced benchmark library and future directions. GC-Bench is
open-sourced and easy to extend to new methods and datasets, which
can help identify directions for further exploration and facilitate future
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Table 1: An overview of GC-Bench

Methods

Traditional core-set methods

Random, Herding [36], K-Center [30]

Gradient matching

GCond [15], DosCond [14], SGDD [42]

Trajectory matching SFGC[47], GEOM [45]
Distribution matching GCDM [20], DM [24, 22]
Kernel Ridge Regression KiDD [41]

Computation Tree Compression

Mirage [11]

Datasets

Homogeneous datasets

Cora [16], Citeseer [16], ogbn-arxiv [13], Flickr [43], Reddit [12]

Heterogeneous datasets

ACM [46], DBLP [7]

Graph-level datasets

NCI1 [32], DD [4], ogbg-molbace [13], ogbg-molbbbp [13], ogbg-molhiv [13]

Downstream Tasks

Node-level task

Node classification, Link prediction, Anomaly detection

Graph-level task

Graph classification

Evaluations

Performance under different condensation ratios, Impact of structural properties,

Effectiveness 1 e e e )

mpact of initialization mechanism
Transferability Different downstream tasks, Different backbone model architectures
Efficiency Time and memory consumption

Paper: https://arxiv.org/abs/2407.00615
Code: https://github.com/RingBDStack/GC-Bench

GC and whole dataset training.
O Key Takeaways 2: A large condensation ratio does not necessarily lead to better
performance with current methods.

Table 2: Node classification accuracy (%) (mean=std) across datasets with varying condensation
ratios 7. H denotes the homophily ratio [29]. The best results are shown in beold and the runner-ups
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RQ3: Can the condensed graphs be transferred to different types of tasks?

O Key Takeaways 4: All condensed datasets struggle to perform well outside
the context of the specific tasks for which they were condensed.

are shown in underlined . Red color highlights entries that exceed the whole dataset performance.

| Traditional Core-set Methods |

Distribution |

Gradient

Trajectory

Dataset Ratio(r) Wheole
Random Herding K-Center | GCDM DM DosCond GCond SGDD SFGC GEOM | Dataset
0.26% 31.6410 48.641.4 48.641.4 39.0404 356439 78.7+1.3 79-8;&0_7 78.640.7 Mill 50.1410
0.52% 471417 560106 447127 | 423107 385144 | 8l.ligr 802107 812405 | 792418 705100
Cora 1.30% 62.3321.0 69-9i0.8 62.Oi1_3 63-4i0A] 63.2i0_5 Mi(JA 80.2i2.2 81.6i0,5 79.43:0.7 78.5:{:]3 80.8
(H=0.81) 2.60% | 724405 742406 73.5+07 | 734102 726107 | 796102 805403 818105 | 81.7200 76.14a7 "0+0.3
0.05% 452417 54.6494 50.712.5 61.14104 60.6497 50.1418 844,56 836417 | 872457 73.6112
0.10% | 533416 623116 501413 | 723405 687412 | 595105 84710 838400 | 81.5440 762419
Reddit 0.20% 651412 69445, 5424,9 80.84106 76.710.1 658104 863124 883405 | 904109 899056 94.0. . -
(+=0.78) 0.50% 761418 814407 678413 | 8644101 842:i05 | 658104 879427 91.0401 | 97402 917403 E0-2
1.00% 84.9:{:0.5 85.9i0>3 74.6:1:0,8 OOM 78.93:0_7 78.3i1 .3 miIQ 85.9i0,9 91-8:};0.2 OOM
5.00% 923.01 91.9:01 884103 OOM OOM OOM OOM OOM 91.940.7 OOM
0.18% | 393119 36.6106 366406 | 30.6405 32.1i15 | 718i01 713406 717439 | 707411 637404
§ ) 0.36% 441420 415126 387132 | 362120 4331433 | 73.1i03 704418 733433 | 709416 69.8101
(5] Citeseer 0.90% 49.3+1.0 56.5+1.3 51.4+1.4 52.6-}1.1 53.7+0_3 73.0+().4 70-7+049 727.8-{-0,6 70.7+0.5 70.5_[_0.3 71.7
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:% 3.60% 692,03 69.1407 69.3,:0.7 693104 704404 7244103 684416 733,15 | 70.6401 70.7401
0.05% 10.740.9 327409 369115 S51.1300 404439 595410 60.0400 597402 | 682153 64.5.09
0.10% 365411 41.6410 4034090 | 559415 477120 | 609108 595111 56.1i34 | 691407 64.644 4
0gbn~arxiv 0.20% 43'210.8 48.9i0>3 42.7111) 59~3i0,8 47~1i0.7 62.210.4 61.410_7 60.910_9 69.010_4 &10.0 715
(H=0.65) 0.50% | 483404 Sldi04 483405 | 61.0401 577202 | 621403 630409 632402 | 67.1500 672400 0+0.0
1.00% 512404 52.0404 503405 | 61.0500 3598402 | 618413 628400 620428 [ 6844113 69.1:03
5.00% 572402 56.1402 56.510.4 OOM OOM OOM OOM OOM 69.7101 70.64105
0.05% 40.5104 418106 439107 | 4584104 447105 | 407411 442403  46.6401 | 443104 448103
0.10% 42.040.6 414406 4144058 47505 454401 432400 44214 46.8102 | 440415 455107
Flickr 020% 43.li(),2 41.5;&0.7 41-410,8 48.8*0_1 428i06 439:':0(, 44.4*1.4 M:&O.S 41.4:&5 6 46-':&0.6 46 8
(H=0.24) 0.50% 431403 444403 426407 | 491103 48.6.03 | 450103 447106 455109 | 4654001 47.1.01 OE0-2
1.00% 43.0404 445406 432402 493.:01 49.6.05 46.010.3 451405 472402 | 46.6500 47.040.4
5.00% 452403 44.7 10.4 455102 | OOM OOM OOM OOM OOM 457406 4714103
.003% 839417 825116 763194 84.8:03 848103 8934106 80.6108 903153 | 922,05 734405
.007% 84.7410 84.5.08 809.:,6 87.1:02 87.1102 89.8410.0 819416 912419 | 916112 734405
ACM .013% 86.8:09 88.640¢ 87.1419 904.00 90400 899.:01 804434 919,34 | 920404 793430 91.7
. -033% 877414 883110 886407 | 91.6102 916102 | 909101 890112 9124458 | 922505 828110 SE04
g .066% 89.110_6 87-9:1:1,1 88.831:1,() | 91.6j;0,2 91.6;{:0.2 91.4:]:0.2 86.612-1 91-9:|:2,() Mil 0 71-1i0,6
% 332% 893100 894406 88.71i09 | 913102 913102 | 91.0105 893406 894404 | 91.8:535 809126
§0 -002% 46.6126 589427 547426 | 61.6407 56.6411 | 71.6418 T1.5i22 778402 | 819105 72343,
% .004% 57.011.4 62.9j:0,9 54.9:]:2,9 60.4i1»1 62.0;1:1 5 75~4:|:2.6 76.2i2_1 MJH A 81.7:t3 5 72~3i0.5
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B -019% 68.0411 6574112 645411 | 736402 735104 | 766106 746111 779103 | 80.8.21 7204009 09
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Table 3: Graph classification performance on GIN (meanz+std) across datasets with varying con-
densation ratios . The best results are shown in beld and the runner-ups are shown in underlined .
Red color highlights entries that exceed the whole dataset values.

Dotk | Graph Ratio(r) | Traditional Core-set methods | Gradient | KRR | CTC | Whole
/Cls . N . Dataset
| | Random Herding K-Center | DosCond | KiDD | Mirage |
1 0.06% 50.9045 10 51901160 51.904160 | 49.2041.10 | 61.40L 050 | 50.8042 20
S 5 024% | 52104100 | 60505240 47.001110 | 51.10105, NN 5130, 10
Acc. (%) 10 0.49% 55.6041.90 61.804+150 49.404180 | 50.3041.30 | 64.200.10 | 51.7041 40 80.041 8
SRR 20 0.97% 58.7041.40 60.904+790 55.204160 | 50.3041.30 | 60.90L070 | 52.1042 29
50 243% | 61.104120 59.004150 62704150 | 50.304130 | 6540060 | 52.40+2 70
1 021% | 49.70511.30 58.8016.10 58.8016.10 | 46.301s50 [PZ130%7%0) BEEEEEEE
DD 5 1.06% 40.8044.30 58.704580 51.304530 | 57.504560 | 70.9041 10 | -
Acc (%) 10 2.12% 63~10:t5.20 64-10:{:5.80 53-40:I:3.10 46.30ig,50 71-50j:0,50 70-1:t2.2
i 20 4.25% 56.4044 .30 67.004260 58.504570 | 40.70+0.00 | 71.2040.90
50 10.62% 58.904+6.30 68.404+400 62.304250 | 44.0046.70 | 708041 00 | -
1 0.17% | 04684+ 0a5 0.4864 035 04861035 | 0.512+ .00z EEEEEEEEER0:590 504
ogbg-molbace 5 083% | 03121019 04701042 0.55341.024 [HO5555 07 INEEEEEEEEE 0.419. 010
- g 10 1.65% | 04424 g2  0.5321 031 N0594i0190 05361 07 INEEEEENSSSN 0.419, 010 | 0.7634 020
20 3.31% 0.5104 o3 0.5094 052  0.5124 031 0.4844 os0 | 0.640 011 | 0.4234 011
50 8.26% 0.4864 020 0.6254 026 0.5954 026 | 0.5034 084 | 0.7234 011 | -
ROC-AUC 10 1.23% | 0.5084 018  0.5784+.017 0.6194 g27 | 0.5054 028 | 0.6634 000 | 0.4654 036 | 0.6354+ 017
20 2.45% 0.567+ 010 0.533 4 009 0.5464 912 | 0.493 L 031 | 0.677 L 001 | 0.6104 22
50 6.13% | 0.5954+ 014  0.5521 018 0.5944 016 | 0.509+.015 | 0.684 009 | 0.590+ 031
1 0.01% | 0.3664 087  0.4624 o72  0.4624 o72 | 0.6744 131 | 0.6644 016 | 0.7104 009
ogbg-molhiv 5 0.03% | 05014051 04964 044 0.5194 096 | 0.3694+ 175 | 0.6574 g05 | 0.7034 012
Lo sl 10 0.06% | 05541031 04581058 0.471toss | 0.457+ 214 [06326000 05131055 | 0.7014 028
20 0.12% 0.6214 22 0.5824 027 0.6274 050 | 0.281 4 007 | 0.6481 925 | 0.6334 048
50 0.30% 0.625 1 062 0.6004 034  0.6804 049 | 0.4554 514 | 0.587 4038 | 0.5884 067

*Mirage cannot directly generate graphs with the required ratio. Parameter search aligns generated graphs with DosCond disk usage
‘-> denotes results unavailable due to recursive limits reached in MP Tree search.

(see Appendix B.1).

RQ2: How do the potential flaws of the structure affect the GC performance?

O Key Takeaways 3: Existing GC methods primarily address simple graph data. There
is significant room for improvement in preserving complex structural properties.

Table B4: Homophily ratio comparison of different condensed datasets
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130% 0761 0887 0201 064, 0.9/

Cora 081  260% 001 074, 016 055 0.19]
5200 1007 0210 01s] 062 0.15]

090% 0161 0751 0191 0571 0140

Citeseer 074 180% 0080 0301 0201 0361 019]
360% 1001 0341 01s| 022] 015]

005% 0281 0291 0251 0281 0327

Flickr 024 050% 0297 0220 008, 0281 0301
100% 0367 08] 006] 0287 0267

(a) GCDM

(b) DM

(c) DosCond

(d) GCond

(e) SGDD

Figure B.1: Visualization of the Condensed Citeseer (1.80%) Dataset. Only the top 20% of edges
ranked by weight are visualized.
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Figure B.2: Visualization of the Condensed Cora (2.60%) Dataset. Only the top 20% of edges ranked

by weight are visualized.
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Figure 2: Cross-task performance on Citeseer. For all downstream tasks, the models are trained
solely using data of graphs condensed by node classification. For anomaly detection (c, d), structural
and contextual anomalies [3] are injected into both the condensed graph and the original graph.

RQ4: How does the backbone used for condensation affect the performance?

O Key Takeaways 5: Current GC methods exhibit significant performance
variability when transferred to different backbone architectures. Involving the
entire training process potentially may lead to encoding backbone-specific
details in the condensed datasets..

O Key Takeaways 6: Despite their strong performance in general graph learning
tasks, transformers surprisingly yield suboptimal results in graph condensation.
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(a) Cross-arch. Acc. from SGC  (b) Cross-arch. Acc. from GTrans (c) GCond across different steps.

Figure 3: Cross-architecture performance. Using SGC and Graph Transformer (G7rans) to

condense Cora with a 2.6% ratio, we then test the accuracy on various downstream architectures (a,
b). Furthermore, we evaluate the influence of gradient matching steps on GCond (c).

RQ5: How does the initialization mechanism affect the performance of GC?

0 Key Takeaways 7: Different datasets have their preferred initialization methods
for optimal performance even for the same GC method.

O Key Takeaways 8: The initialization mechanism primarily affects the
convergence speed with little impact on the final performance. The smaller the
condensed graph, the greater the influence of different initialization strategies on
the convergence speed.

RQ6: How efficient are these GC methods in terms of time and space?

O Key Takeaways 9: GC methods that rely on backbones and full-scale data
training have large time and space consumption.
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Figure 5: Time and memory consumption of

Figure 4: The impact of initialization under different condensation ratios (a, b) and the impact
different methods on ogbn-arxiv (0.50%).

across different datasets Cora (a, b) and ogbn-arxiv (c).



