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S1. Parameters for the force fields used in this paper
Table S1
parameters for the UFF force fields used in this work. 
	Element
	σ (Å)
	ε/kB (K)
	Element
	σ (Å)
	ε/kB (K)
	Element
	σ (Å)
	ε/kB (K)

	H
	2.571
	22.156
	Kr
	3.689
	110.782
	Lu
	3.243
	20.646

	He
	2.104
	28.199
	Rb
	3.665
	20.142
	Hf
	2.798
	36.255

	Li
	2.184
	12.589
	Sr
	3.244
	118.336
	Ta
	2.824
	40.788

	Be
	2.446
	42.802
	Y
	2.980
	36.256
	W
	2.734
	33.738

	B
	3.638
	90.640
	Zr
	2.783
	34.745
	Re
	2.632
	33.235

	C
	3.431
	52.873
	Nb
	2.820
	29.710
	Os
	2.780
	18.632

	N
	3.261
	34.745
	Mo
	2.719
	28.199
	Ir
	2.530
	36.736

	O
	3.118
	30.213
	Tc
	2.671
	24.171
	Pt
	2.454
	40.284

	F
	2.997
	25.178
	Ru
	2.640
	28.199
	Au
	2.934
	19.639

	Ne
	2.889
	21.149
	Rh
	2.609
	26.688
	Hg
	2.410
	193.869

	Na
	2.658
	15.107
	Pd
	2.583
	24.171
	Tl
	3.873
	342.418

	Mg
	2.691
	55.895
	Ag
	2.805
	18.128
	Pb
	3.828
	333.857

	Al
	4.008
	254.296
	Cd
	2.537
	114.811
	Bi
	3.893
	260.842

	Si
	3.826
	202.429
	In
	3.976
	301.630
	Po
	4.195
	163.656

	P
	3.695
	153.585
	Sn
	3.913
	285.516
	At
	4.232
	143.010

	S
	3.595
	137.974
	Sb
	3.938
	226.097
	Rn
	4.245
	124.882

	Cl
	3.516
	114.307
	Te
	3.982
	200.415
	Fr
	4.365
	25.178

	Ar
	3.446
	93.158
	I
	4.009
	170.705
	Ra
	3.276
	203.437

	K
	3.396
	17.624
	Xe
	3.924
	167.381
	Ac
	3.099
	16.617

	Ca
	3.028
	119.846
	Cs
	4.024
	22.660
	Th
	3.025
	13.092

	Sc
	2.936
	9.568
	Ba
	3.299
	183.294
	Pa
	3.050
	11.078

	Ti
	2.829
	8.560
	La
	3.138
	8.560
	U
	3.025
	11.078

	V
	2.801
	8.057
	Ce
	3.168
	6.546
	Np
	3.050
	9.568

	Cr
	2.693 
	7.553
	Pr
	3.213
	5.036
	Pu
	3.050
	8.057

	Mn
	2.638
	6.546
	Nd
	3.185
	5.036
	Am
	3.012
	7.050

	Fe
	2.594 
	6.546
	Pm
	3.160
	4.532
	Cm
	2.963
	6.546

	Co
	2.559
	7.050 
	Sm 
	3.136 
	4.028 
	Bk 
	2.975 
	6.546

	Ni
	2.525 
	7.553 
	Eu 
	3.112 
	4.028 
	Cf 
	2.952 
	6.546

	Cu
	3.114 
	2.518 
	Gd 
	3.001 
	4.532 
	Es 
	2.939 
	6.043

	Zn
	2.462 
	62.441 
	Tb 
	3.074 
	3.525 
	Fm 
	2.927 
	6.043

	Ga
	3.905 
	208.976 
	Dy 
	3.054 
	3.525 
	Md 
	2.917 
	5.539

	Ge
	3.813 
	190.848 
	Ho 
	3.037 
	3.525 
	No 
	2.894 
	5.539

	As
	3.769 
	155.599 
	Er 
	3.021 
	3.525 
	Lw 
	2.883 
	5.539

	Se
	3.746 
	146.535 
	Tm 
	3.006 
	3.021
	
	
	

	Br
	3.732 
	126.392 
	Yb 
	2.989 
	114.811
	
	
	



Table S2
Lennard–Jones parameters for the TraPPE force fields used in this paper.
	Element
	σ (Å)
	ε/kB (K)

	C (in CO2)
	2.745
	29.933

	O (in CH4)
	3.017
	85.671

	N (in N2)
	3.306
	38.299


S2. Proofs of periodic invariance.
Notations. We use  to describe a given MOF structure.  is the atom feature matrix, where  is the -dimensional feature vector for atom  in the unit cell.  is the position matric, where  is the 3D cartesian coordinates for atom . . In this way, the infinite MOF structure can be represented as , and .  describes all positions for each atom ,  described the atom feature for each atom .  representing the minimum repeating patterns is given. When  representing the minimum repeating patterns is given, the periodic invariance lies in the invariance to shifts of periodic boundaries. We demonstrate that the multi-edge graph construction of the crystal used in our MHACGNN-MS satisfies the periodic invariance.
Multi-edge subgraphs in multi-scales. For the construction of multi-edge subgraphs in different scales, different prefix thresholds , , and  are assigned separately. Therefore,  for , the multi-edge subgraph satisfies periodic invariance by using all terms in the set  to form edges between nodes  and .  for , the multi-edge subgraph satisfies periodic invariance by using all terms in the set  to form edges between nodes  and .  for , the multi-edge subgraphs satisfy periodic invariance by using all terms in the  to form edges between nodes  and . For each scale, the pairwise euclidean distances  between all nodes  with position coordinates  and nodes  with position coordinates  are considered. It can be seen that for the same pair of  and ,  remains unchanged when the periodic boundary moves. Therefore, this method satisfies period invariance. Furthermore, using pairwise euclidean distances, unit cell E(3) invariance is naturally satisfied.
S3. Performance of MHACGN-MS for gas adsorption prediction under different activation functions.
The performance of the MHACGN-MS model was evaluated across single-component (CO2) and multi-component (CO2 in CO2/N2 mixture) gas adsorption prediction tasks in Table S3, with particular focus on the impact of activation function combinations. As demonstrated in Table S3, the sigmoid + softplus configuration achieved superior performance due to its synergistic properties in handling complex graph-structured data. In crystal graphs characterized by significant noise (e.g., redundant interatomic interactions), sigmoid’s bounded normalization facilitates stable numerical computation by mapping interaction strengths to a probabilistic confidence interval [0, 1], thereby acting as an adaptive weighting mechanism for edge importance. Concurrently, softplus’s continuous differentiability ensures smooth gradient flow, which is critical for mitigating abrupt gradient variations during optimization and enhancing convergence stability in pooling operations. The ReLU + LeakyReLU combination secured the second-best performance, attributable to ReLU’s ability to induce beneficial sparsity and LeakyReLU’s negative slope mechanism, which prevents “neuron death” by maintaining nonzero gradients in the negative regime. The third-ranked tanh + LeakyReLU configuration likely underperformed due to tanh’s inherent susceptibility to gradient saturation, which limits effective gradient propagation compared to nonsaturating alternatives. Notably, the tanh + ReLU combination exhibited the poorest performance, as ReLU’s hard zero interval in the negative domain exacerbates the risk of irreversible neuron inactivation (zero gradients), while tanh’s bidirectional saturation regions further amplify training instability. This compounding effect severely restricts the network’s capacity for effective parameter adaptation, particularly in scenarios requiring fine-grained discrimination of weak interatomic interactions.

Table S3
Performance of MHACGN-MS based on different activation functions
	Selection of activation functions
	CO2
	CO2:N2 (CO2)

	
	RMSE
	R2
	RMSE
	R2

	Sigmoid + softplus
	1.1891
	0.9178
	1.2584
	0.8522

	Tanh + ReLU
	1.9822
	0.7514
	1.8103
	0.7128

	Tanh + LeakyReLU
	1.6093 
	0.8674 
	1.7137
	0.8017

	ReLU + LeakyReLU
	1.4513 
	0.8781
	1.6272 
	0.8185



S4. Performance of MHACGN-MS for gas adsorption prediction under different pooling parameter r settings.
The impact of the pooling parameter kp on prediction performance deserves further discussion. When kp falls within the range of (0, 1], an excessively large kp retains redundant interatomic interactions, while an overly small kp leads to the loss of crucial interatomic information, thereby affecting prediction accuracy. Therefore, we evaluate kp values of 0.3, 0.5, 0.6, 0.7, 0.8, 0.9, and 1.0 to determine the optimal setting.
As can be seen from Tables S4 and S5, MHACGN-MS performs better when kp is set from 0.5 to 0.9 (compared to kp = 0.3 or 1.0). Meanwhile, we know that kp determines the size of the pooled graph, which in turn affects the complexity of subsequent computations and resource consumption. A larger kp results in a relatively larger size of the pooled graph, requiring more memory to store the graph’s structural information and edge features. This may lead to subsequent graph convolution layers or fully connected layers processing more edges, thereby increasing computation time. When kp = 0.6, MHACGN-MS demonstrates the optimal predictive performance. In this scenario, the attention pooling layer not only eliminates the interference from redundant interatomic interactions but also retains and emphasizes the information of key interatomic influences, while minimizing memory usage and enhancing computational speed. Therefore, when performance is similar, we choose 0.6 as the value for kp. 

Table S4
The performance of MHACGN-MS for single-component gas adsorption prediction under different pooling parameter kp settings.
	Task
	kp
	RMSE (train)
	RMSE (val)
	RMSE (test)
	R2 (train)
	R2 (val)
	R2 (test)

	CH4
	0.3
	0.7089
	0.8166
	0.8322
	0.8486
	0.8259
	0.8217

	
	0.5
	0.6703
	0.7718
	0.7925
	0.8785
	0.8546
	0.8283

	
	0.6
	0.6573
	0.7543
	0.7876
	0.8911
	0.8633
	0.8353

	
	0.7
	0.6686
	0.7551
	0.7901
	0.8895
	0.8629
	0.8317

	
	0.8
	0.6607
	0.7548
	0.7913
	0.8903
	0.8631
	0.8328

	
	0.9
	0.6583
	0.7601
	0.7804
	0.8902
	0.8620
	0.8379

	
	1.0
	0.6740
	0.7871
	0.8158
	0.8635
	0.8331
	0.8240

	CO2
	0.3
	1.2689
	1.1848
	1.2877
	0.8841
	0.8918
	0.8794

	
	0.5
	1.2104
	0.9782
	1.2294
	0.8873
	0.9182
	0.8973

	
	0.6
	1.1473
	0.8935
	1.1881
	0.9092
	0.9471
	0.9203

	
	0.7
	1.1682
	0.9419
	1.2087
	0.9047
	0.9276
	0.9132

	
	0.8
	1.1836
	0.9327
	1.2203
	0.9002
	0.9252
	0.9039

	
	0.9
	1.1528
	0.9393
	1.2165
	0.9006
	0.9288
	0.9107

	
	1.0
	1.2006
	1.0273
	1.2602
	0.8895
	0.9079
	0.8904

	N2
	0.3
	0.4132
	0.4861
	0.4873
	0.8485
	0.8136
	0.8122

	
	0.5
	0.3804
	0.4329
	0.4484
	0.8632
	0.8481
	0.8319

	
	0.6
	0.3693
	0.4194
	0.4093
	0.8819
	0.8624
	0.8438

	
	0.7
	0.3649
	0.4228
	0.4362
	0.8934
	0.8568
	0.8322

	
	0.8
	0.3707
	0.4283
	0.4401
	0.8805
	0.8611
	0.8301

	
	0.9
	0.3479
	0.4433
	0.4542
	0.8977
	0.8307
	0.8247

	
	1.0
	0.3932
	0.4476
	0.4589
	0.8521
	0.8292
	0.8209



Table S5
The performance of MHACGN-MS for multi-component gas adsorption prediction under different pooling parameter kp settings.
	Task
	kp
	Gas
	RMSE (train)
	RMSE (val)
	RMSE (test)
	R2 (train)
	R2 (val)
	R2 (test)

	CH4:CO2
	0.3
	CH4
	1.7396
	1.9052
	2.1631
	0.7561
	0.7009
	0.6909

	
	
	CO2
	0.5707
	0.5951
	0.6559
	0.8541
	0.8329
	0.8268

	
	0.5
	CH4
	1.7073
	1.8784
	2.1796
	0.7728
	0.7161
	0.6942

	
	
	CO2
	0.5475
	0.5586
	0.6233
	0.8832
	0.8583
	0.8481

	
	0.6
	CH4
	1.6849
	1.8624
	2.1179
	0.7881
	0.7249
	0.7120

	
	
	CO2
	0.5219
	0.5410
	0.6057
	0.8980
	0.8669
	0.8676

	
	0.7
	CH4
	1.6927
	1.8463
	2.2164
	0.7735
	0.7266
	0.7061

	
	
	CO2
	0.5195
	0.5523
	0.6215
	0.8986
	0.8711
	0.8598

	
	0.8
	CH4
	1.8104
	1.8788
	2.1878
	0.7699
	0.7188
	0.6972

	
	
	CO2
	0.5202
	0.5596
	0.6276
	0.8990
	0.8619
	0.8591

	
	0.9
	CH4
	1.7076
	1.8557
	2.1474
	0.7668
	0.7253
	0.7082

	
	
	CO2
	0.5078
	0.5477
	0.5990
	0.8994
	0.8605
	0.8584

	
	1.0
	CH4
	1.7058
	1.8917
	2.1478
	0.7593
	0.7110
	0.6977

	
	
	CO2
	0.5561
	0.5623
	0.6456
	0.8724
	0.8699
	0.8413

	CO2:N2
	0.3
	CO2
	1.3767
	1.3558
	1.3698
	0.8355
	0.8390
	0.8362

	
	
	N2
	0.6566
	0.6828
	0.7231
	0.7839
	0.7613
	0.7308

	
	0.5
	CO2
	1.3483
	1.2049
	1.2884
	0.8518
	0.8821
	0.8458

	
	
	N2
	0.6227
	0.6452
	0.6841
	0.8214
	0.7738
	0.7769

	
	0.6
	CO2
	1.3318
	1.0988
	1.2152
	0.8585
	0.8966
	0.8778

	
	
	N2
	0.6113
	0.6292
	0.6645
	0.8362
	0.7996
	0.8206

	
	0.7
	CO2
	1.3362
	1.1832
	1.2168
	0.8581
	0.8872
	0.8709

	
	
	N2
	0.6183
	0.6375
	0.6803
	0.8384
	0.7835
	0.7930

	
	0.8
	CO2
	1.3335
	1.2193
	1.2375
	0.8588
	0.8751
	0.8633

	
	
	N2
	0.6234
	0.6426
	0.7047
	0.8337
	0.7746
	0.7756

	
	0.9
	CO2
	1.3119
	1.2283
	1.2313
	0.8608
	0.8607
	0.8595

	
	
	N2
	0.6130
	0.6472
	0.6836
	0.8392
	0.7738
	0.7539

	
	1.0
	CO2
	1.3537
	1.2413
	1.2634
	0.8471
	0.8604
	0.8383

	
	
	N2
	0.6487
	0.6694
	0.6875
	0.7771
	0.7612
	0.7344

	CH4:N2
	0.3
	CH4
	0.9388
	0.9914
	1.1480
	0.7319
	0.7352
	0.6675

	
	
	N2
	0.3614
	0.4046
	0.4076
	0.8086
	0.7558
	0.7521

	
	0.5
	CH4
	0.9028
	0.9519
	1.0836
	0.7530
	0.7318
	0.6837

	
	
	N2
	0.3293
	0.3610
	0.3792
	0.8395
	0.7936
	0.7826

	
	0.6
	CH4
	0.8882
	0.9342
	1.0037
	0.7726
	0.7424
	0.7073

	
	
	N2
	0.3128
	0.3520
	0.3638
	0.8508
	0.8127
	0.8012

	
	0.7
	CH4
	0.8924
	0.9514
	0.9683
	0.7638
	0.7356
	0.6995

	
	
	N2
	0.3146
	0.3589
	0.3716
	0.8501
	0.8105
	0.7936

	
	0.8
	CH4
	0.8836
	0.9522
	1.0091
	0.7735
	0.7335
	0.7010

	
	
	N2
	0.3255
	0.3501
	0.3494
	0.8491
	0.8128
	0.8083

	
	0.9
	CH4
	0.8743
	0.9453
	1.0149
	0.7734
	0.7348
	0.6979

	
	
	N2
	0.3288
	0.3424
	0.3501
	0.8487
	0.8242
	0.8067

	
	1.0
	CH4
	0.9192
	0.9529
	0.9763
	0.7406
	0.7201
	0.7009

	
	
	N2
	0.3335
	0.3756
	0.3949
	0.8344
	0.7998
	0.7621



Using CO2 adsorption prediction as a case study, Table S6 analyzes how scale-specific kp values influence the learning of structural features. Notably, discussions of kp at a specific scale (e.g., 0–2 Å) assume default kp = 1.0 for other scales. For clarity, we denote kp values for 0–2, 2–3, and 3–5 Å as kp,1, kp,2, and kp,3, respectively.
As shown in Table S6:
(1) Adjusting kp,1 (0–2 Å): With kp,2 = kp,3 = 1.0, optimal performance occurs at kp,1 = 0.6. It suggests the 0–2 Å range contains redundant interatomic interactions requiring pruning (e.g., to isolate open metal sites/bonds).
(2) Adjusting kp,2 (2–3 Å): With kp,1 = kp,3 = 1.0, RMSE and R² show minimal variation, indicating limited interatomic interactions within this scale.
(3) Adjusting kp,3 (3–5 Å): With kp,1 =  kp,2 = 1.0, performance peaks at kp,3 = 0.8 before marginally declining at kp,3 = 1.0. This reflects the need for broader interatomic context to capture pore channel geometries, as excessively low kp,3 values (e.g., 0.3) impair structural feature learning.

Table S6
The influence of parameter kp settings at different scales on the performance of MHACGN-MS in predicting single component carbon dioxide adsorption.
	Scale
	kp
	RMSE (train)
	RMSE (val)
	RMSE (test)
	R2 (train)
	R2 (val)
	R2 (test)

	0–2 Å (kp,1)
	0.3
	1.2592
	1.1951
	1.2902
	0.8836
	0.8877
	0.8748

	
	0.5
	1.1394
	0.9275
	1.1694
	0.9057
	0.9218
	0.9036

	
	0.6
	1.0031
	0.8175
	0.9373
	0.9219
	0.9396
	0.9208

	
	0.7
	1.0957
	0.8852
	1.1016
	0.9011
	0.9288
	0.9013

	
	0.8
	1.1748
	0.9495
	1.2174
	0.8974
	0.9118
	0.9085

	
	0.9
	1.1563
	0.9584
	1.2246
	0.8892
	0.9028
	0.8914

	
	1.0
	1.2006
	1.0273
	1.2602
	0.8895
	0.9079
	0.8904

	2–3 Å (kp,2)
	0.3
	1.2183
	0.9939
	1.2634
	0.8893
	0.9081
	0.8882

	
	0.5
	1.2017
	0.9691
	1.2447
	0.8916
	0.9148
	0.8940

	
	0.6
	1.1936
	0.9568
	1.2364
	0.8947
	0.9194
	0.9083

	
	0.7
	1.1985
	0.9682
	1.2482
	0.8992
	0.9127
	0.8984

	
	0.8
	1.1963
	0.9830
	1.2535
	0.8902
	0.9095
	0.9018

	
	0.9
	1.2158
	1.0195
	1.2619
	0.8873
	0.9046
	0.8907

	
	1.0
	1.2006
	1.0273
	1.2602
	0.8895
	0.9079
	0.8904

	3–5 Å (kp,3)
	0.3
	1.2825
	1.1638
	1.3152
	0.8737
	0.8884
	0.8599

	
	0.5
	1.2151
	1.0172
	1.2637
	0.8876
	0.9038
	0.8873

	
	0.6
	1.1927
	0.9726
	1.2422
	0.8925
	0.9122
	0.9013

	
	0.7
	1.1828
	0.9693
	1.2565
	0.9013
	0.9089
	0.8980

	
	0.8
	1.2006
	1.0273
	1.2602
	0.8895
	0.9079
	0.8904

	
	0.9
	1.2173
	1.0389
	1.2684
	0.8864
	0.8984
	0.8852

	
	1.0
	1.2495
	1.0873
	1.2815
	0.8813
	0.8922
	0.8726



Conclusion:
(1) 0–2 Å (kp,1): Redundant interactions necessitate moderate pruning (kp,1 = 0.6) to enhance signal-to-noise ratio.
(2) 2–3 Å (kp,2): Limited interatomic interactions render kp,2 adjustments inconsequential for pore structure prediction.
[bookmark: _GoBack](3) 3–5 Å (kp,3): Broader interatomic connectivity (kp,3 = 0.6–0.8) is critical for capturing extended pore geometries.
S5. Performance of different graph neural networks on the training and validation sets of single-component gas
Table S7
The performance of different graph neural networks on the training sets of single-component gas.
	Algorithm
	CH4
	CO2
	N2

	
	RMSE
	R2
	RMSE
	R2
	RMSE
	R2

	MHACGN-MS
	0.6573
	0.8911
	1.1473
	0.9092
	0.3693
	0.8819

	GCN
	0.9670
	0.7633
	1.5953
	0.8269
	0.4503
	0.8203

	GAT
	1.4616
	0.4587
	3.1724
	0.3306
	0.5768
	0.7064

	GIN
	0.8877
	0.8001
	1.2031
	0.9003
	0.4020
	0.8593

	CGCNN
	0.7348
	0.8629
	1.1023
	0.9189
	0.3830
	0.8725

	MEGNet
	0.7514
	0.8564
	1.5538
	0.8374
	0.4679
	0.8067

	MPNN
	0.8371
	0.8237
	1.1496
	0.9124
	0.6267
	0.6604

	MHACGN
	0.7644
	0.8521
	1.2488
	0.8933
	0.4252
	0.8386



Table S8
The performance of different graph neural networks on the validation sets of single-component gas.
	Algorithm
	CH4
	CO2
	N2

	
	RMSE
	R2
	RMSE
	R2
	RMSE
	R2

	MHACGN-MS
	0.7543
	0.8633
	0.8935
	0.9471
	0.4194
	0.8624

	GCN
	1.0933
	0.6981
	1.7526
	0.8031
	0.5180
	0.7916

	GAT
	1.4219
	0.5051
	3.2674
	0.3057
	0.5810
	0.7323

	GIN
	0.7778
	0.8383
	1.3854
	0.9011
	0.4100
	0.8463

	CGCNN
	0.8211
	0.8147
	1.0786
	0.9401
	0.3922
	0.8556

	MEGNet
	0.7652
	0.8507
	1.7063
	0.8050
	0.4839
	0.8253

	MPNN
	0.9877
	0.7620
	1.2085
	0.9059
	0.6973
	0.5685

	MHACGN
	0.7813
	0.8400
	1.5245
	0.8520
	0.5211
	0.7761



S6. Performance of different graph neural networks on the training and validation sets of multi-component gas
Table S9
The performance of graph neural networks on the training sets of multi-component gas.
	Algorithm
	CH4:CO2 (CH4)
	CO2:N2 (CO2)
	CH4:N2 (CH4)

	
	RMSE
	R2
	RMSE
	R2
	RMSE
	R2

	MHACGN-MS
	1.6849
	0.7881
	1.3319
	0.8584
	0.8882
	0.7725

	GCN
	2.0075
	0.7056
	1.5855
	0.7968
	1.0237
	0.7003

	GAT
	2.3015
	0.6194
	3.4219
	0.0504
	1.4566
	0.3866

	GIN
	1.8189
	0.7553
	1.2955
	0.8626
	0.9037
	0.7431

	CGCNN
	1.7548
	0.7733
	1.2782
	0.8682
	0.8951
	0.7676

	MEGNet
	1.9259
	0.7194
	1.3870
	0.8456
	1.2721
	0.5237

	MPNN
	2.5154
	0.5326
	1.4424
	0.8334
	1.4605
	0.3942

	MHACGN
	1.7934
	0.7645
	1.2831
	0.8671
	0.9016
	0.3361

	Algorithms
	CH4:CO2 (CO2)
	CO2:N2 (N2)
	CH4:N2 (N2)

	
	RMSE
	R2
	RMSE
	R2
	RMSE
	R2

	MHACGN-MS
	0.5219
	0.8980
	0.6113
	0.8362
	0.3128
	0.8508

	GCN
	0.7627
	0.7810
	0.7447
	0.7628
	0.3910
	0.7666

	GAT
	1.4501
	0.2164
	0.8831
	0.6594
	0.4678
	0.6684

	GIN
	0.5975
	0.8646
	0.5976
	0.8423
	0.3511
	0.8113

	CGCNN
	0.6431
	0.8464
	0.6570
	0.8114
	0.3274
	0.8345

	MEGNet
	0.6317
	0.8508
	0.8029
	0.7349
	0.3899
	0.7707

	MPNN
	0.6911
	0.8173
	0.9479
	0.6102
	0.3470
	0.8171

	MHACGN
	0.5318
	0.8776
	0.6313
	0.8270
	0.3361
	0.8264



Table S10
The performance of graph neural networks on the validation sets of multi-component gas.
	Algorithm
	CH4:CO2 (CH4)
	CO2:N2 (CO2)
	CH4:N2 (CH4)

	
	RMSE
	R2
	RMSE
	R2
	RMSE
	R2

	MHACGN-MS
	1.8624
	0.7249
	1.0988
	0.8966
	0.9342
	0.7423

	GCN
	2.5030
	0.6083
	1.6075
	0.7978
	1.1023
	0.6411

	GAT
	2.4611
	0.5912
	3.5401
	0.0429
	1.5034
	0.3725

	GIN
	2.0914
	0.7048
	1.5092
	0.7817
	0.9964
	0.6919

	CGCNN
	1.9799
	0.7600
	1.4680
	0.8374
	0.9666
	0.7280

	MEGNet
	2.0713
	0.6885
	1.7975
	0.7689
	1.4112
	0.4893

	MPNN
	2.6584
	0.4728
	1.3723
	0.8496
	1.5199
	0.2705

	MHACGN
	1.9348
	0.7105
	1.5822
	0.8309
	0.9845
	0.7305

	Algorithm
	CH4:CO2 (CO2)
	CO2:N2 (N2)
	CH4:N2 (N2)

	
	RMSE
	R2
	RMSE
	R2
	RMSE
	R2

	MHACGN-MS
	0.5411
	0.8669
	0.6292
	0.7996
	0.3520
	0.8127

	GCN
	0.7517
	0.8525
	0.7367
	0.7457
	0.3931
	0.7403

	GAT
	1.3301
	0.2973
	0.9313
	0.6075
	0.4964
	0.6387

	GIN
	0.6744
	0.8531
	0.6770
	0.7984
	0.3752
	0.8172

	CGCNN
	0.5846
	0.8541
	0.7179
	0.7687
	0.3461
	0.8460

	MEGNet
	0.6327
	0.8463
	0.8512
	0.7608
	0.4094
	0.7288

	MPNN
	0.8849
	0.7734
	1.0003
	0.5838
	0.3677
	0.7832

	MHACGN
	0.6042
	0.8520
	0.7134
	0.7750
	0.3643
	0.7955



S7. The computational resources and efficiency of MHACGN-MS.
All our models were developed on the Ubuntu 22.04 LTS operating system, utilizing the Python 3.12.4 programming language and the PyTorch 2.2.0 deep learning framework. In terms of hardware, we employed Intel Xeon Platinum 8358P CPUs, with dual CPUs each having 32 cores and 64 threads. The CPUs operate at a maximum frequency of 3.4 GHz, a base frequency of 2.6 GHz, and have a total cache capacity of 181 MB. Furthermore, we used four NVIDIA A800 PCIe GPUs, each with 80 GB of HBM2e memory.
Table S11 lists the total parameters (parameters), the time required for one epoch of model training (time), the memory allocated on the GPU (allocated memory), and the cached memory on the GPU (cached memory) as indicators to illustrate the time complexity (execution time) and space complexity (occupied storage space) of different models. Except for the total parameters, the remaining indicators were obtained by running each model for 20 episodes and calculating the average of the printed parameters to eliminate error interference. Among all models, GCN, GAT, and GIN have fewer total parameters compared to MHACGN-MS. However, this is because these models do not consider the edge information of crystal graphs. Although their model structures are simpler, their accuracy in predicting crystal material properties is lower. Among the models that consider edge information in crystal graphs, MHACGN-MS occupies the least GPU memory and cache. In terms of computational efficiency, MHACGN-MS is the fastest among all models. We believe this demonstrates that dividing crystal graphs into multi-scale subgraphs for separate learning effectively improves data quality and accelerates model computation speed.
Table S12 provides the specific parameters of the MHACGN-MS model to assist researchers who may wish to replicate the study or apply this method to different datasets.

Table S11
Explanation of the temporal and spatial complexity of models.
	Model
	Parameter
	Time per epoch (s)
	Allocated memory (byte)
	Cached memory (byte)

	MHACGN-MS
	560 405
	52.72
	26 680 320
	7 850 303 232

	GCN
	357 255
	53.49
	24 312 832
	1 277 165 568

	GAT
	362 055
	53.25
	24 587 264
	6 203 375 616

	GIN
	521 255
	54.26
	27 614 208
	5 167 382 528

	CGCNN
	702 765
	54.34
	31 220 736
	7 941 914 624

	MEGNet
	875 909
	53.54
	34 718 720
	9 871 294 464

	MPNN
	633 297
	53.90
	29 429 760
	25 142 755 328

	MHACGN
	491 645
	53.16
	27 549 184
	21 292 384 256



Table S12
Hyperparameters that are employed in MHACG-MS model.
	Hyperparameter
	Value
	Range

	Number of convolutional layers
	9
	6–12

	Length of atom feature vector
	92
	92

	Length of edge feature vector
	3
	3

	Number of GraphPooling layers
	3
	3

	Learning rate
	0.002
	0.001–0.005
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Element  σ   (Å)  ε / k B   (K)  Element  σ   (Å)  ε / k B   (K)  Element  σ   (Å)  ε / k B   (K)  

H  2.571  22.156  Kr  3.689  110.782  Lu  3.243  20.646  

He  2.104  28.199  Rb  3.665  20.142  Hf  2.798  36.255  

Li  2.184  12.589  Sr  3.244  118.336  Ta  2.824  40.788  

Be  2.446  42.802  Y  2.980  36.256  W  2.734  33.738  

B  3.638  90.640  Zr  2.783  34.745  Re  2.632  33.235  

C  3.431  52.873  Nb  2.820  29.710  Os  2.780  18.632  

N  3.261  34.745  Mo  2.719  28.199  Ir  2.530  36.736  

O  3.118  30.213  Tc  2.671  24.171  Pt  2.454  40.284  

F  2.997  25.178  Ru  2.640  28.199  Au  2.934  19.639  

Ne  2.889  21.149  Rh  2.609  26.688  Hg  2.410  193.869  

Na  2.658  15.107  Pd  2.583  24.171  Tl  3.873  342.418  

Mg  2.691  55.895  Ag  2.805  18.128  Pb  3.828  333.857  

Al  4.008  254.296  Cd  2.537  114.811  Bi  3.893  260.842  

Si  3.826  202.429  In  3.976  301.630  Po  4.195  163.656  

P  3.695  153.585  Sn  3.913  285.516  At  4.232  143.010  

S  3.595  137.974  Sb  3.938  226.097  Rn  4.245  124.882  

Cl  3.516  114.307  Te  3.982  200.415  Fr  4.365  25.178  

Ar  3.446  93.158  I  4.009  170.705  Ra  3.276  203.437  

K  3.396  17.624  Xe  3.924  167.381  Ac  3.099  16.617  

Ca  3.028  119.846  Cs  4.024  22.660  Th  3.025  13.092  

Sc  2.936  9.568  Ba  3.299  183.294  Pa  3.050  11.078  

Ti  2.829  8.560  La  3.138  8.560  U  3.025  11.078  

V  2.801  8.057  Ce  3.168  6.546  Np  3.050  9.568  

Cr  2.693   7.553  Pr  3.213  5.036  Pu  3.050  8.057  

Mn  2.638  6.546  Nd  3.185  5.036  Am  3.012  7.050  

Fe  2.594   6.546  Pm  3.160  4.532  Cm  2.963  6.546  

Co  2.559  7.050   Sm   3.136   4.028   Bk   2.975   6.546  

Ni  2.525   7.553   Eu   3.112   4.028   Cf   2.952   6.546  

Cu  3.114   2.518   Gd   3.001   4.532   Es   2.939   6.043  

Zn  2.462   62.441   Tb   3.074   3.525   Fm   2.927   6.043  

Ga  3.905   208.976   Dy   3.054   3.525   Md   2.917   5.539  

Ge  3.813   190.848   Ho   3.037   3.525   No   2.894   5.539  

As  3.769   155.599   Er   3.021   3.525   Lw   2.883   5.539  

Se  3.746   146.535   Tm   3.006   3.021     

Br  3.732   126.392   Yb   2.989   114.811     

  Table   S2   L ennard – Jones parameters for the TraPPE force fields used in this  paper .  

Element  σ   (Å)  ε / k B   (K)  

C (in  CO 2 )  2.745  29.933  

O (in  CH 4 )  3.017  85.671  

N (in  N 2 )  3.306  38.299  

