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Representation of Mixture Systems
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MM-MoLFormer[1] concatenates embedding and proportion of
components, but ignores the permutation invariance.
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Uni-ELF[3] uses a hierarchical graph representation, but geometric messages
cannot pass between different components.

©

Inputs:

* Asetof graphs {G, 2 _1, G = (Hi X, Vi, Wi ).
* A global environment condition c, i.e. temperature.
Task: Scalar and vector information of mixture systems.

: ({gm(Hma X’ma Vm: 'wm)}gzla C) = ({H':na ‘77:1}%:1? ‘%):
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MolSets[2] respects permutation invariance but discards 3D
molecular geometry.
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Message passing between nodes Readout ®
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.e Lanrmin Symmetry Constraints

* Node-level symmetry constraints
* Permutation-equivariant in each graph
¢: ({Gm(Hp, Pm,X P,, V P, w, )M
* SE(3) equivariant on each graph
@1 ({Gm(Hpm, RmimaRmeawm)}g:hc) = ({H;naRmﬁ?:z}fn{:b K),

* Graph-level symmetry constraints

* Permutation-equivariant with respect to the order of the graphs
P ({go'(m) }Tﬂrleﬁ C) = ({H;(m)? Vo{(m)}frﬂrle? F‘:):

C)H({H:npmsvf m}m 15K),

m=1?
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Pipeline
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Geometric Interaction Network (GIN)
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* By constructing local frames, equivariant message can pass across molecules.

* Message Construction:

Intermolecular Transformation:

. Zlg;n,n)

. 7’(m,n) .
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* Aggregation and Update:
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CALiSol
13, 269 entries

Derived from experiments
Temperature range:
194.15-477.42K

38 solvents, 13 salts
Solvents: carbonates, ethers, esters,
aromatics, halogenated and so on
Salts: fluoro salts, sulfonimide salts,
sulfonate salts and so on

13 chemical elements
H,Li,B,C N,O,FSi PS5, ClAs

(c)

Conductivity Distribution in CALiSol
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DiffMix
24, 822 entries
Derived from simulation

Temperature range:
243.15-293.15K

6 solvents, 2 salts
Solvents: linear and cyclic carbonates
Salts: LiPF, and LiTFSI

8 chemical elements
H,L,C,N,0,FPS
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Models

CALiSol

MSE |
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DiffMix

MSE |

Pearson r 1

MLP
MM-MoLFormer [12]

3.657
5.488

0.906
0.825

1.363
1.901

0.874
0.812

MolSets-Conv [13]
MolSets-SAGE [13]

2.230
2.751

0.924
0.909

1.440
0.708

0.868
0.937

EGNN-att [54]
TFN-att [55]
EGNN-linear [54]

TFEFN-linear [55]

2.666
1.808
1.461
1.107

0.908
0.946
0.951
0.967

0.752
0.804
0.195
0.285

0.930
0.921
0.988
0.973

GeoMix-EGNN
GeoMix-TFEN

0.552
0.432

0.985
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0.035
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(b). GeoMix-EGNN@CALiSol
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= Ablation Study and Other Experiments
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Table 4: Results of OOD evaluation across conductivity on CALiSol dataset. Bold values indicate the

Table 2: Ablations on CALiSol dataset. best performance, while underlined values indicate the second-best.
CALiSol MSE | Pearson 7 1 Models MSE | MAE | Pearson r T Spearman r T
. EGNN:-linear [54] 32.720 4.457 (0.253 0.341
GeoMix 0.552 0.985 TFN-linear [53] 24218  3.585 0.397 0.508
Proportion Embedding GeoMix-EGNN 17.132 2.853 0.579 0.571
Multiply 3.657 0.906 GeoMix-TFN 19.427 2.925 0.436 0.609
Transformation Matrix’s Form
Quaternion 0.702 0.981 Table 5: Results of OOD evaluation across temperature on CALiSol dataset. Bold values indicate the
6D vector 0.574 0.983 best performance, while underlined values indicate the second-best.
Graph-wise 0.662 0.980
e R T Models MSE | MAE | Pearson r T Spearman r T
s 10 MLP 32.432 3.857 0.432 0.556
GGOM“'““"”_ 0.851 0.975 MM-MoLFormer [12] 22.935 2.837 0.512 0.560
Nowsy Nodes Loss MolSets-Conv [13] 9.930 2.196 0.839 0.845
w/o Noisy Nodes ~ 1.213 0.969 MolSets-SAGE [13] 9.193 2.135 0.784 0.802
EGNN-att [54] 8.134 1.594 0.813 0.861
TEN-att [55] 6.516 1.383 0.853 0.887
EGNN-linear [54] 7.675 1.616 0.827 0.847
TFEN-linear [55] 4.780 1.286 0.914 0.930
GeoMix-EGNN 2.366 0.883 0.950 0.948

GeoMix-TFN 2.354 0.917 0.952 0.945
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