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S1. Synthetic route of DPQ-DPAC and DPQCN-DPAC
[image: ]
Synthesis of DPQ-DPAC: 6-Bromo-2,3-diphenylquinoxaline (1.81 g, 5.00 mmol), 9,9-diphenyl-9,10-dihydroacridine (2.00 g, 6.00 mmol), cesium carbonate (2.93 g, 9.00 mmol), Pd2(dba)3 (137 mg, 0.15 mmol) and tri-tert-butylphosphine tetrafluoroborate (87 mg, 0.30 mmol) was dissolved in 25.0 mL toluene, which was heated to reflux under nitrogen for 8 h. When the reaction completed and cooled down to room temperature, the mixture was poured into dichloromethane (50.0 mL) and water (50.0 mL). The organic layer was collected after washing the mixture with dichloromethane for three times, the solvents were removed and the target product was purified by column chromatography. DPQ-DPAC was obtained as a bright green solid with a yield of 75.6% (2.32 g). 1H NMR (600 MHz, DMSO-d6) δ 8.38 (d, J = 8.7 Hz, 1H), 7.87 (d, J = 2.3 Hz, 1H), 7.55 – 7.33 (m, 17H), 7.32 – 7.27 (m, 2H), 7.12 (ddd, J = 8.4, 7.2, 1.5 Hz, 2H), 7.00 – 6.91 (m, 7H), 6.83 (dd, J = 7.8, 1.5 Hz, 2H), 6.52 (dd, J = 8.2, 1.1 Hz, 2H). 13C NMR (151 MHz, Chloroform-d) δ 153.60, 146.07, 142.44, 141.83, 141.73, 140.27, 138.45, 138.28, 132.78, 131.36, 130.92, 130.39, 130.15, 129.89, 129.25, 129.19, 128.41, 128.39, 127.72, 126.98, 126.44, 120.95, 114.91, 56.96. ESI-MS: m/z: 613.24 (calcd: 613.25).
Synthesis of Intermediate 1: 4-Ethynylbenzonitrile (2.54 g, 20.0 mmol) and 4-bromobenzonitrile (3.64 g, 20.0 mmol) was dissolved in 15.0 mL THF and 15.0 mL Et3N mixed solvents, Pd(PPh3)Cl2(0.42 g, 0.6 mmol) and CuI (0.38 g, 1.0 mmol) was added afterwards. The mixture was heated at 60 ℃ for 8 h. After the reaction was completed, the mixture was washed with dichloromethane (50.0 mL) and water (50.0 mL) for three times. The organic layer was collected and concentrated. The target product was purified by recrystallization with dichloromethane and methanol. Intermediate 1 was obtained as a white solid with a yield of 83.7% (3.82 g). 1H NMR (600 MHz, Chloroform-d) δ 7.68 (d, J = 8.2 Hz, 2H), 7.63 (d, J = 8.1 Hz, 2H). ESI-MS: m/z: 228.13 (calcd: 228.07).
Synthesis of Intermediate 2: Intermediate 2 was obtained by heating intermediate 1 (3.42 g, 15.0 mmol) in 50.0 mL DMSO at 150 ℃ under oxygen for 48 h. After the reaction was completed and cooled to room temperature, the mixture was poured into water. The precipitated solid was filtered under reduced pressure. The target product was purified by column chromatography. Yellow solid was obtained with a yield of 64.8% (2.53 g). 1H NMR (600 MHz, Chloroform-d) δ 8.15 – 8.08 (m, 2H), 7.88 – 7.82 (m, 2H). ESI-MS: m/z: 260.13 (calcd: 260.06).
[bookmark: OLE_LINK3][bookmark: OLE_LINK5]Synthesis of Intermediate 3: Intermediate 2 (2.08 g, 8.0 mmol) and 4-bromobenzene-1,2-diamine (1.50 g, 8.0 mmol) was dissolved in 20.0 mL ethanol and 2.0 mL acetic acid, and the mixture was heated to reflux for 4 h. After the mixture cooled to room temperature, the mixture was filtrated to obtain white solid, which was washed with saturated sodium bicarbonate solution and cold ethanol. The target product was 3.08 g with a yield of 93.6%. 1H NMR (600 MHz, DMSO-d6) δ 8.49 (d, J = 2.2 Hz, 1H), 8.18 (d, J = 8.9 Hz, 1H), 8.11 (dd, J = 8.9, 2.2 Hz, 1H), 7.91 – 7.87 (m, 4H), 7.67 (dq, J = 8.3, 1.8 Hz, 4H). ESI-MS: m/z: 410.00 (calcd: 410.02).
[bookmark: OLE_LINK4]Synthesis of DPQCN-DPAC: The synthesis of DPQCN-DPAC was similar with that of DPQ-DPAC by replacing 6-Bromo-2,3-diphenylquinoxaline with intermediate 3 (2.06 g, 5.0 mmol). The crude product was purified by column chromatography. DPQCN-DPAC was obtained as orange solid with a yield of 72.0% (2.39 g). 1H NMR (600 MHz, DMSO-d6) δ 8.43 (d, J = 8.8 Hz, 1H), 7.95 (d, J = 2.3 Hz, 1H), 7.93 – 7.87 (m, 4H), 7.73 – 7.65 (m, 4H), 7.52 (dd, J = 8.8, 2.3 Hz, 1H), 7.36 (dd, J = 8.2, 6.6 Hz, 4H), 7.33 – 7.27 (m, 2H), 7.12 (ddd, J = 8.4, 7.2, 1.5 Hz, 2H), 6.98 (ddd, J = 8.1, 7.3, 1.2 Hz, 2H), 6.95 – 6.92 (m, 4H), 6.84 (dd, J = 7.8, 1.5 Hz, 2H), 6.51 (dd, J = 8.2, 1.2 Hz, 2H). 13C NMR (151 MHz, Chloroform-d) δ 151.00, 150.92, 145.86, 143.77, 142.37, 142.21, 142.12, 141.53, 140.51, 133.80, 132.37, 131.57, 131.47, 130.53, 130.34, 130.26, 129.47, 127.73, 126.96, 126.49, 121.28, 118.15, 118.11, 115.06, 113.33, 113.25, 56.98. ESI-MS: m/z: 663.01 (calcd: 663.24).



S2. Representation visualizations generated from reported methods
[bookmark: _Hlk148342296][image: D:\工作报告\论文\新图\S2\S1.JPGS1]Fig. S1. Representation visualizations generated from different methods that were reported for molecule properties prediction. 
Figure S1 presents the representation visualizations generated from recently reported state-of-the-art methods for molecule properties prediction based on the collected TADF data set with the same data partition configuration that was adopted in ESIN. We have verified the following 6 kinds of models: XGBoost1, GCN,2 attentive-FP,3 Schnet,4 MAT (Molecule Attention Transformer) 5 and pre-trained GeoGNN.6 For GCN and attentive-FP, adjacency matrix was used to obtain the embedding of molecules. As a variant of DTNNs, Schnet was incorporated with both atom representations and interatomic distances. The MAT adopts transformer block to build the atom-to-attribute relationship. In the experiments, the numbers of transformer block and sizes of the hidden layers were adjusted for the convergence. Specifically, the MAT model employs two transformers blocks of 2 heads with a hidden dimension of 256. The visualization parameters are identical to that displayed in Figure 3b. The results revealed that GCN model only predicts the mean value of the PLQY in data set, while XGBoost, attentive-FP, Schnet, MAT and pre-trained GeoGNN can only establish the relation between structure and the PLQY. The accuracies of the XGBoost, Schnet and attentive-FP are relatively lower than the pre-trained GeoGNN. For the reported models, on the lower right corner of the visualization the bright area is obviously larger, suggesting that there are more molecules with underestimated PLQYs.




















S3. Distribution of PLQY and variance of the attention weights
[image: D:\工作报告\论文\新图\S2\幻灯片7.JPG幻灯片7]
Fig. S2. (a) Distribution of PLQY and variance of the attention weights of molecules in the TADF data set with rigid oxygen bridged boron acceptor and TRZ acceptor-based TADF molecules with D-A-D arrangement. (b) Different distribution areas of TADF molecules with the same acceptor and two type donor units.
Figure S2 presents the PLQY distribution and variance of the attention weights of the molecules with the similar acceptors in the TADF data set. A consistent relationship between the PLQYs and the variance of attention weights for the molecules based on similar acceptors and identical D-A arrangement.





S4. Confirmation of supplementary molecular orbital contribution and vibration information

Table S1. Performance improvement with additional molecular orbital contribution and vibration information.
	Wavelength Prediction
	ECFP with Extra Information
	ECFP Only

	Mean Error
	24.82
	24.96

	Maximum Error
	229.27
	234.19

	MAPE a (%)
	4.93
	4.96


a MAPE: minimum mean absolute percentage of error. 

The data are randomly divided into 748 training examples and a testing set of 188 examples. The Table S1 shows the experimental results of 100 repetitions based on a XGBoost model. The maximum predict error of experiments for 100 repetitions was defined as the maximum error. It was demonstrated that the molecule representation with simple supplementary molecular orbital contribution and vibration information can improve the performance of the prediction of the emission wavelength of the TADF emitters. The extra information includes the maximum contribution of four FMOs (HOMO-1, HOMO, LUMO and LUMO+1) and the maximum vibration frequency of the TADF molecule. The molecular orbital contribution information of the substructure centers and the vibration information are concatenated with the ECFPs of the TADF molecules, and the length of each ECFPs is 300 bits. Thresholds are created for these extra data to maintain consistency with the ECFPs. Specifically, the molecular orbital contribution over 30% is set to 1, the vibration frequency beyond 2000 cm-1 is set to 1, and others are set to 0.


S5. Summarization of hyperparameters for ESIN

Table S2. Summarization of hyperparameters for ESIN.
	Hyperparameter
	FC attention blocks     
	Transformer output

	Training epoch
	45
	65

	Weight decay
	0.0001
	0.0001

	lr
	0.005
	0.005

	Batch size
	32
	32

	AdamW, β
	(0.8,0.99)
	(0.8,0.99)

	CGB SAGE layers CGB SAGE neighbors
	(4, (4,3,10,3))
	(4, (4,3,10,3))

	CGB SAGE hidden dimension
	(64,128,128,128)
	(64,128,128,128)

	ECFPs bits, radius
	(2048, 2)                 
	(300, 2)

	attention block hidden dimension
	128                                   
	812

	Dropout 
	0
	0














S6. Comparison of experimental results based on differential methods for PLQY predictions

Table S3. Comparison of experimental results based on differential methods for PLQY predictions.
	Model
	MAPE
	eff85
	recall85

	Attentive-FP
	0.91
	0.4
	0.04

	XGBoost + ECFP
	0.77
	0.57
	0.21

	Schnet
	0.78
	0.68
	0.21

	Pre-trained GeoGNN
	0.71
	0.58
	0.43

	ESIN FC Attention block
	0.63
	0.61
	0.47

	ESIN transformer output
	0.63
	0.63
	0.33




The main purpose of the PLQY predictions of is to figure out the potential candidate molecules that may have high PLQYs. During conducting a virtual screening, a target criterion would be to require that PLQY%. Here, we proposed the screening efficiency and the recall rate as two performance indexes for the evaluation of the ESIN.







In the above formula, the  represents the screening efficiency, where the subscript  refers to the screening criterion. The term TP≥θ means the true positives of the prediction results, and the FP≥θ is the false positives. The  is defined as the percentage of correctly predicted molecules from all molecules satisfied the screening criterion in the test set.
It is worth to note that the data partitions for training XGBoost, GCN, attentive-FP, and Schnet are identical to that for ESIN, while 3 molecules in the data set are removed for training pre-trained GeoGNN and MAT due to the pre-processing requirements. The details of prediction results are shown in Table S3. The best performance results are highlighted with bold style. Our DL model ESIN achieved the minimum mean absolute percentage of error (MAPE) and the best recall85. The ESIN with FC attention block is second only to Schnet on eff85. The results of the comprehensive experiments demonstrated that the pre-trained GeoGNN can also achieve high recall, which may be due to that the pre-trained GeoGNN has a refined chemical bond feature extraction characteristic and the pre-training process may be beneficial to improving accuracy of prediction. In addition, the poor performance of attentive-FP can be attributed to the loss of structural information when only using adjacency matrix to represent large molecules. 
[bookmark: _GoBack]

S7. The information on TADF molecules with NAI-based acceptors
Table S4. Molecules with NAI as a rigid electron acceptor moiety.
	
	SMILES
	PLQY
	ID

	1
	CC(C)C1=CC=C(C2=CC=C(N3C(=O)C4=CC=CC5=C(N6C7=C(C=CC=C7)C(C)(C)C7=C6C6=C(C=C7)C7=C(C=CC=C7)O6)C=CC(=C45)C3=O)C=C2)C=C1
	77.0
	152

	2
	CC(C)C1=CC=C(C2=CC=C(N3C(=O)C4=CC=CC5=C(N6C7=C(C=CC=C7)C(C)(C)C7=C6C6=C(C=C7)C7=C(C=CC=C7)S6)C=CC(=C45)C3=O)C=C2)C=C1
	42.0
	154

	3
	CC1(C)C2=CC=CC=C2N(C2=CC=C3C(=O)N(C4=CC=CC=C4)C(=O)C4=C3C2=CC=C4)C2=CC=CC=C21
	38.9
	600

	4
	CC(C)(C)C1=CC=C(N2C(=O)C3=CC=CC4=C(N5C6=CC=CC=C6C(C)(C)C6=CC=CC=C65)C=CC(=C34)C2=O)C=C1
	59.9
	601

	5
	CC(C)(C)C1=CC(N2C(=O)C3=CC=CC4=C(N5C6=CC=CC=C6C(C)(C)C6=CC=CC=C65)C=CC(=C34)C2=O)=CC(C(C)(C)C)=C1 
	9.0
	774

	6
	O=C1C2C=CC(N3C4=C(C(C)(C5=C3C3SC6=C(C=CC=C6)C=3C=C5)C)C=CC=C4)=C3C=2C(C(N1C1C=CC(C(C)(C)C)=CC=1)=O)=CC=C3
	22.0
	844

	7
	O1C2=C(C=CC=C2)C2C=CC3=C(N(C4=C5C6=C(C(N(C7C=CC(C(C)(C)C)=CC=7)C(C6=CC=C5)=O)=O)C=C4)C4=C(C3(C)C)C=CC=C4)C=21
	37.0
	845





[bookmark: _Hlk148361062]S8. The information on TADF molecules with 2,3-diphenylquinoxaline acceptors
Table S5. Molecules with 2,3-diphenylquinoxaline acceptor in the data set.
	
	SMILES
	PLQY
	ID
	Measurement
	Ref.

	1
	C1=CC2=C(C=C1)N(C1=CC=C(C3=NC4=CC5=C(C=C4N=C3C3=CC=C(N4C6=C(C=CC=C6)OC6=C4C=CC=C6)C=C3)OC3=C(C4=C(C=C3)CCCC4)C3=C4CCCCC4=CC=C3O5)C=C1)C1=C(C=CC=C1)O2
	92
	122
	Doped CBP films
	[7]

	2
	CC1(C)C2=C(C=CC=C2)N(C2=C(F)C=C3N=C(C4=CC=C(C#N)C=C4)C(C4=CC=C(C#N)C=C4)=NC3=C2)C2=C1C=CC=C2
	87
	448
	1% doped
Polystyrene films
	[8]

	3
	CC1(C)C2=CC=CC=C2N(C2=CC=C3N=C(C4=CC=C(C#N)C=C4)C(C4=CC=C(C#N)C=C4)=NC3=C2)C2=CC=CC=C21
	34
	720
	Crystal
	[9]

	4
	COC1=CC=C2C(=C1)CCC1=CC(OC)=CC=C1N2C1=CC=C(C2=NC3=CC=CC=C3N=C2C2=CC=C(N3C4=CC=C(OC)C=C4CCC4=CC(OC)=CC=C43)C=C2)C=C1
	31
	726
	Degassed CH2Cl2 solution
	[10]

	5
	N(C1C=CC=CC=1)(C1C=CC=CC=1)C1=CC=C(C=C1)C1C(=NC2=C(N=1)C(C#N)=CC=C2C#N)C1C=CC(=CC=1)N(C1C=CC=CC=1)C1=CC=CC=C1
	80
	809
	Doped CBP films
	[11]

	6
	N1=C2C(=NC(=C1C1=CC=C(C=C1)N1C3=C(C=C(C=C3)C(C)(C)C)C3C=C(C(C)(C)C)C=CC1=3)C1=CC=C(C=C1)N1C3=C(C=C(C=C3)C(C)(C)C)C3C=C(C(C)(C)C)C=CC=31)C=C(C#N)C(C#N)=C2
	93
	852
	Doped polystyrene films
	[12]

	7
	N1C(=C(N=C2C=1C=C(C#N)C(C#N)=C2)C1=CC=C(C=C1)N1C2C=CC=CC=2C(C)(C2C=CC=CC=21)C)C1=CC=C(C=C1)N1C2=C(C=CC=C2)C(C2C=CC=CC=21)(C)C
	91
	853
	Doped polystyrene films
	[12]

	8
	N1=C2C(=NC(=C1C1=CC=C(C=C1)N1C3=C(C=C(C=C3)C(C)(C)C)C3C=C(C(C)(C)C)C=CC1=3)C1=CC=C(C=C1)N1C3=C(C=C(C=C3)C(C)(C)C)C3C=C(C(C)(C)C)C=CC1=3)C(C#N)=CC=C2C#N
	96
	854
	Doped polystyrene films
	[12]

	9
	N1=C2C(=NC(=C1C1=CC=C(C=C1)N1C3=C(C=CC=C3)C(C)(C3C=CC=CC1=3)C)C1=CC=C(C=C1)N1C3=C(C=CC=C3)C(C3C=CC=CC=31)(C)C)C(C#N)=CC=C2C#N
	72
	855
	Doped polystyrene films
	[12]

	10
	N1=C(C2=CC=C(C=C2)N2C3C=CC=CC=3OC3C2=CC=CC=3)C(C2C=CC(N3C4C(OC5=C3C=CC=C5)=CC=CC=4)=CC=2)=NC2C1=CC=C(C=2)C(=O)C1C=CC=CC=1
	88
	1031
	Doped film
	[13]

	11
	N1C2C(=CC(C#N)=C(C=2)C#N)N=C(C2C=CC(=CC=2)N2C3=C(C=CC=C3)C3C4=C(C5=C(C=CC=C5)N4C4C=CC=CC=4)C4N(C5C=CC=CC=5C=4C=32)C2=CC=CC=C2)C=1C1=CC=CC=C1
	73
	1034
	Doped polystyrene films
	[14]

	12
	N1C2C(N=C(C=1C1C=CC=CC=1)C1C=CC(N3C4=C(C=CC=C4)C4C5=C(C6=C(C=CC=C6)N5C5C=CC=CC=5)C5=C(C6C=CC=CC=6N5C5C=CC=CC=5)C=43)=CC=1)=C(C#N)C=CC=2C#N
	40
	1035
	Doped polystyrene films
	[14]

	13
	N1=C2C(=NC(=C1C1=CC=CC=C1)C1=CC=C(C=C1)C1(CC=CC=C1)C1=CC=C(C=C1)C1=C(C3C=CC=CC=3)N=C3C(=N1)C=C(C#N)C(C#N)=C3)C=C(C(C)=C2)C
	70
	1068
	Doped film
	[15]




Note: Because the structure and D-A arrangement features of the molecule ID-122 and the molecule ID-1068 are obviously different from that of other molecules, the two molecules were not been adopted in the experiment.


S9. PLQY values of DPQ-DPAC and DPQCN-DPAC

Table S6. Experimental PLQY values of DPQ-DPAC and DPQCN-DPAC in solution (toluene: 1.010-5 M) and doped films with different doped concentrations (host: CBP).

	
	Solution(N2)
	5%
	10%
	20%
	100%

	DPQ-DPAC
	0.137
	0.839
	0.800
	0.833
	0.320

	DPQCN-DPAC
	0.506
	0.974
	0.979
	0.875
	0.737




S10. Computational resources and process times
 
	Model
	Training (min/epoch)
	Testing (s/item)

	ESIN with FC attention blocks
	16.4
	0.58

	ESIN with Transformer output layer
	16.6
	0.57

	

	Resources 
	Specification

	CPU
	Intel(R) Xeon(R) Platinum 8163 CPU @ 2.50GHz

	GPU
	NVIDIA GeForce RTX 3090 Ti

	RAM
	128GB

	OS	
	Ubuntu 20.04.4 LTS
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