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13 Abstract
14 Pretrained chemical language models are widely used to predict molecular properties and 

15 chemical reactions, yet interpreting their internal attention mechanisms remains difficult. Here, 

16 we analyze attention matrices from a chemical language model to extract information relevant 

17 to reaction center prediction. We introduce Peak-Activated Binary Attention (PABA), which 

18 binarizes attention matrices by retaining only peak values based on a parameter alpha. Using 

19 PABA, we identify a top-ranked attention head that effectively predicts reaction centers. We 

20 further develop a supervised extension, Supervised PABA (SPABA), which achieves a 

21 Matthews correlation coefficient (MCC) of 0.73 and outperforms existing supervised methods 

22 for reaction center prediction. SPABA reduces dependence on explicit reaction templates while 

23 preserving high accuracy and generalizability, providing a robust framework for reaction center 

24 prediction.

25

26 Keywords: Chemical language model, Reaction center prediction, Attention matrices, 

27 Peak-Activated Binary Attention

28
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29 Introduction
30 Pretrained chemical language models (CLMs) achieve high accuracy in molecular property 

31 prediction and reaction prediction tasks.1-7 These models rely on attention mechanisms and 

32 large-scale pretraining on unlabeled SMILES data. For example, Mol2Vec embeds similar 

33 molecular substructures into nearby vector representations, reducing sparsity and bit collision 

34 associated with traditional fingerprints.8 SMILES-BERT and Mol-BERT apply self-supervised 

35 pretraining to improve predictive performance with limited labeled data.9,10 ChemBERTa, 

36 ChemBERTa-2, and MolRoPE-BERT further enhance SMILES tokenization and positional 

37 encoding, leading to improved molecular feature extraction.11,12,13 Collectively, CLMs 

38 strengthen molecular representations and improve performance on downstream tasks. 

39 However, the chemical information encoded within CLMs, particularly within their attention 

40 matrices, remains largely unexplored.

41 In reaction prediction and retrosynthesis planning, reaction center prediction is a critical 

42 subtask.14-17 Reaction centers consist of the atoms and bonds directly involved in chemical 

43 transformations.18 CLMs can predict reaction centers when provided with reactant information. 

44 For instance, Wang et al. developed Parrot, an attention-based model designed to improve 

45 reaction center identification and reaction condition prediction.19 Lee et al. introduced HierRetro, 

46 which integrates atom- and bond-level representations to identify reaction centers for accurate 

47 retrosynthesis prediction.20 Wang et al. proposed RetroPrime, which treats all atoms as 

48 potential reaction centers, predicts synthons, and subsequently converts them into final 

49 reactants, enabling effective handling of complex molecular transformations.21

50  Despite the strong predictive performance of CLMs, the chemical information encoded 

51 within these models remains largely opaque. Attention mechanisms capture interactions 

52 between atomic tokens and therefore offer a potential pathway for interpreting CLMs. In natural 

53 language processing, researchers commonly analyze attention by extracting maximum 

54 attention weights, averaging attention scores, or constructing maximum-weight spanning 

55 trees.22-24 However, directly applying these approaches to chemical models presents 

56 challenges. SMILES representations include non-atomic symbols (e.g, ‘#’, ‘( )’), which 

57 complicate the association between attention weights and specific atoms. In addition, no 

58 consensus exists on how to filter attention weights to retain chemically meaningful information 

59 while removing noise. Identifying attention heads that consistently focus on reaction centers, 

60 and demonstrating that attention distributions are non-random, are essential steps toward 

61 clarifying the functional role of attention mechanisms in CLMs.
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62 In this study, we introduce Peak-Activated Binary Attention (PABA), an unsupervised 

63 approach that extracts chemically relevant information from CLMs for reaction center analysis, 

64 and Supervised Peak-Activated Binary Attention (SPABA), a supervised model for reaction 

65 center prediction. By analyzing attention matrices from representative molecules, we observe 

66 that high-frequency molecular fragments in specific attention heads closely correspond to 

67 known functional groups. We then assess whether individual attention heads also capture 

68 reaction centers. Using the USPTO benchmark reaction dataset, we find that the 7_7 attention 

69 head consistently achieves higher reaction center prediction accuracy than other heads.25 

70 Guided by this result, we train supervised models with multiple network architectures using the 

71 7_7 attention matrices from each reaction SMILES as input. The best-performing model, 

72 SPABA_7_7, reaches a MCC of 0.73, exceeding the performance of LocalTransform (MCC = 

73 0.60).26 Furthermore, when evaluated on previously unseen reactions published in 2025, 

74 SPABA_7_7 accurately predicts reaction centers, demonstrating strong generalizability. Overall, 

75 SPABA_7_7 delivers superior accuracy and robustness compared with existing methods, 

76 establishing an effective and generalizable framework for reaction center prediction.

77
78
79 Results
80 Attention analysis and reaction center prediction workflow
81 We used a CLM developed by Chen et al., pretrained on 700 million unlabeled molecules from 

82 the ChEMBL, PubChem, and ZINC datasets, to extract molecular features.27-30 For each input 

83 SMILES string, the CLM produces 64 attention matrices (8 layers × 8 heads), with each matrix 

84 having dimensions L × L, where L denotes the number of symbols in the SMILES sequence (Fig. 

85 1a). Because atoms within a functional group interact more strongly with one another than with 

86 atoms outside the group, we hypothesized that CLM attention matrices encode functional group 

87 information. To test this hypothesis, we constructed MolDataset, which includes 10,000 

88 randomly selected molecules from the ChEMBL, PubChem, and ZINC datasets. We then 

89 analyzed the attention matrices by binarizing all 64 attention heads and grouping the resulting 

90 molecular fragments according to the number of atoms in each fragment across all molecules in 

91 MolDataset. This analysis shows that frequently occurring fragments correspond to known 

92 functional groups (Table S1), demonstrating that CLM attention matrices capture functional 

93 group information.
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94
95 Fig. 1 | Workflow for attention analysis. (a) Attention calculation. Molecular SMILES strings 

96 are fed into the CLM to obtain raw attention matrices. (b) Ranking of attention heads using 

97 PABA. (c) Unsupervised reaction center prediction using PABA. (d) Supervised reaction center 

98 prediction using SPABA.

99

100 Because many functional groups also serve as reaction centers, we further investigated 

101 whether attention matrices can predict reaction centers. We randomly selected 1,000 reactions 

102 from the USPTO_50k dataset to construct a subset for reaction center prediction.30 We 

103 developed the PABA approach, which applies a binarization algorithm to extract chemically 

104 relevant information from attention heads. Using PABA, we evaluated the unsupervised 

105 reaction center prediction accuracy of all 64 attention matrices for each reaction and ranked the 

106 attention heads accordingly. The results show that the 7_7 attention head ranks highest and 

107 outperforms all other heads (Fig. 1b). To identify the optimal binarization threshold for this head, 

108 we systematically evaluated thresholds ranging from 0.970 to 0.990 and analyzed the 

109 corresponding unsupervised prediction performance (Fig. 1c). To further improve prediction 

110 accuracy, we developed SPABA, a supervised framework that uses the raw attention matrix 

111 from the 7_7 attention head as input (Fig. 1d). 

112
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113 Unsupervised reaction center prediction with PABA 
114 The values in an attention matrix represent pairwise interactions between symbols. Because 

115 not all SMILES symbols correspond to atoms, we first removed all non-atomic symbols (Fig. 2a).  

116 We then binarized the raw attention matrices to generate peak-activated binary attention 

117 matrices by applying an alpha threshold that retains only the maximum attention values. After 

118 isolating matrices containing only atomic information, we projected regions with a value of 1 

119 onto the corresponding atoms and highlighted these atoms using RDKit. Because functional 

120 groups strongly influence molecular properties, including chemical reactivity, we hypothesize 

121 that frequently occurring functional groups captured by attention matrices may highlight 

122 structurally preferred reactive regions and thus provide useful prior information for reaction 

123 center prediction. To evaluate the feasibility of reaction center prediction using PABA, we 

124 constructed a USPTO subset (USPTO_1K) consisting of randomly selected organic reactions 

125 from the USPTO dataset, each containing fewer than 40 atoms. We used the RxnMapper tool 

126 to generate atom mappings for reactions and defined reaction centers by comparing changes in 

127 atomic environments before and after the reaction. Because non–reaction-center atoms 

128 dominate SMILES representations, we used the MCC as the primary evaluation metric to 

129 account for label imbalance. In addition, because true reaction centers may vary during 

130 byproduct formation, we incorporated neighboring atoms into the evaluation. Specifically, we 

131 excluded predictions beyond the X+4 criterion, where X denotes the true reaction center set, 

132 and defined this metric as “additionally Defined ACCuracy (DACC)” (see Methods).25

133 We systematically evaluated the DACC values of all 64 attention heads for each reaction in 

134 the USPTO subset dataset by comparing their predictions with the ground-truth reaction centers 

135 and ranking the heads accordingly. This analysis identifies the 7_7 attention head as achieving 

136 the highest DACC among all heads (Fig. 2b). To further improve the unsupervised performance 

137 of this head, we exhaustively scanned the binarization threshold α across the range from 0.970 

138 to 0.999. When α is set to 0.986, the 7_7 attention head attains its maximum DACC of 28.14% 

139 (309 of 1,098 reactions) (Fig. 2c). Based on this result, we selected α = 0.986 as the optimal 

140 binarization threshold for PABA_7_7.
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141
142 Fig. 2 | Unsupervised reaction center prediction with PABA. (a) Binarization of attention 

143 matrices. Raw attention matrices are binarized, and non-atomic symbols are removed. (b) 

144 Ranking of attention heads by the performance of the unsupervised reaction center predictions. 

145 DACC values for all 64 attention heads are computed and displayed in a heatmap. (c) 

146 Threshold optimization for the top-ranked head (7_7). A sweep of the binarization threshold α 

147 was performed from 0.970 to 0.999. (d-e) Performance comparison between the PABA_7_7 

148 model and other unsupervised methods in terms of MCC (d) and DACC (e).

149

150 Next, we compared PABA_7_7 with two representative unsupervised baseline methods: 

151 the Gasteiger charge method and the Functional Group method. The Gasteiger method 

152 identifies reaction centers by estimating atomic charges, whereas the Functional Group method 

153 directly assigns functional groups as reaction centers, which can introduce errors in molecules 

154 that contain multiple non-reactive functional groups. PABA_7_7 achieves a MCC of 0.29, 

155 outperforming both the Gasteiger method (0.23) and the Functional Group method (0.27). 

156 Relative to these approaches, PABA_7_7 improves the MCC by 0.06 and 0.02, respectively 

157 (Fig. 2d). For the DACC metric, PABA_7_7 reaches 28.14%, while the Gasteiger and 

158 Functional Group methods achieve 25.00% and 24.00%, respectively (Fig. 2e). Accordingly, 

159 PABA_7_7 demonstrates DACC gains of 3.14% over the Gasteiger method and 4.14% over the 

160 Functional Group method. Together, these results show that PABA_7_7 delivers higher 

161 accuracy than existing unsupervised approaches and indicate that attention head 7_7 encodes 

162 chemically meaningful information relevant to reaction center prediction.
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163

164 Supervised reaction center prediction with SPABA
165 Because the unsupervised PABA_7_7 model achieves an MCC of only 0.29, its predictive 

166 capability remains limited. We therefore sought to improve performance through supervised 

167 training using the 7_7 attention head (Fig. 3a). Specifically, we input molecules from the 

168 USPTO_50K dataset into a pretrained chemical language model and extracted the 

169 corresponding 7_7 attention matrices. To identify the optimal network architecture, we 

170 evaluated three model types—fully connected (FC), convolutional neural network (CNN), and 

171 Transformer—yielding five architectural variants (Fig. 3b). Based on MCC, the 2FC, 

172 2CNN+2FC, 2CNN+3FC, 3CNN+2FC, and Transformer architecture achieved values of 0.64, 

173 0.66, 0.65, 0.66, and 0.73, respectively. Their corresponding DACC values were 52.34%, 

174 58.23%, 57.29%, 58.21%, and 74.56% (Fig. 3c). The Transformer-based model delivers the 

175 highest performance and is therefore designated SPABA_7_7. In addition, we compared 

176 SPABA_7_7 with models trained using embedding attentions (SPABA_embedding) and 

177 averaged attentions (SPABA_average). SPABA_7_7 improves performance by 0.04 and 0.16 

178 over these two approaches, respectively, demonstrating that direct use of the 7_7 attention 

179 matrix yields the most accurate reaction center predictions (Fig. 3d).

180 To assess the predictive performance of SPABA_7_7, we compared it with two 

181 representative supervised methods, Rexgen and LocalTransform, using identical training and 

182 testing datasets.25,31 Rexgen formulates reaction prediction as a graph-editing task by 

183 identifying which chemical bonds are broken or formed. LocalTransform first extracts reaction 

184 templates from the dataset, identifies reaction centers, and then trains a graph neural network 

185 to predict these centers. The results show that Rexgen achieves an MCC of 0.56 and an 

186 F1-score of 0.59, while LocalTransform reaches an MCC of 0.60 and an F1-score of 0.63 (Fig. 

187 3e). In contrast, SPABA_7_7 attains an MCC of 0.73 and an F1-score of 0.73 (Fig. 3f). Relative 

188 to Rexgen and LocalTransform, SPABA_7_7 improves MCC by 0.17 and 0.13, respectively, 

189 and increases the F1-score by 0.14 and 0.10. These results demonstrate that SPABA_7_7 

190 delivers substantially higher accuracy for reaction center prediction than existing supervised 

191 approaches.
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192
193 Fig. 3 | Supervised reaction center prediction with specific attention heads. (a) 

194 Supervised learning workflow with using a transformer architecture with an optimal attention 

195 head. (b-c) Performance of different network architectures as measured by MCC (b) and DACC 

196 (c). (d) Performance of different attention processing methods as measured by MCC. (e-f) 

197 Performance of different supervised models as measured by MCC (e) and F1-score (f).

198

199 Case Study of Reaction Center Prediction
200
201 To evaluate the generalizability of the SPABA model, we selected four types of newly reported 

202 organic synthesis reactions published in 2025 that include both major and minor product 

203 information as test cases. We then performed a comparative analysis of SPABA, Rexgen, and 

204 LocalTransform to assess their ability to identify the core reaction centers of the major products. 

205 Figure 4a shows a representative example of a nickel-catalyzed Suzuki–Miyaura cross-coupling 
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206 reaction between aliphatic methanesulfonates and arylboronic acids. This reaction overcomes 

207 the traditional limitation of Suzuki–Miyaura couplings that require halogenated electrophiles and, 

208 for the first time, employs aliphatic alcohol derivatives (methanesulfonates) as coupling partners 

209 to form C(sp3)–C(sp2) bonds.32 The core reaction centers for the major product formation 

210 include the saturated carbon atom in compound 1 bonded to the methanesulfonyloxy group (–

211 OMs) and the aromatic carbon atom in compound 2 attached to the boron atom. Although both 

212 Rexgen and LocalTransform identify these core reaction center atoms, only SPABA produces 

213 predictions that are fully consistent with the ground-truth annotations. Figure 4b presents an 

214 example of a one-step synthesis of m-phenylenediamine derivatives through a tandem reaction 

215 of cyclohexenones with secondary amines, proceeding via a sequence of 1,2-addition, 

216 1,4-addition, and dehydrogenation steps. This strategy eliminates the need for pre-installed 

217 substituents or complex directing groups.33 The core reaction centers for the major product 

218 formation include the carbon–carbon double bond and carbonyl group in compound 3, as well 

219 as the amino nitrogen atom in compound 4. In this case, Rexgen and LocalTransform each 

220 identify only a subset of the true reaction centers, whereas SPABA accurately predicts all core 

221 reaction center atoms. 

222 Figure 4c presents a reaction in which an originally minor phenol oxidation pathway 

223 becomes the dominant pathway through precise control of reaction conditions, enabling the 

224 efficient synthesis of novel pyrroloquinone monoketals.34 The core reaction centers for 

225 formation of the major product include the hydroxyl group and its directly bonded carbon atom 

226 in compound 5, as well as the two adjacent aromatic carbon atoms connected to the phenolic 

227 hydroxyl group. In this case, the Rexgen model incorrectly identifies the nitrogen atom and one 

228 carbon atom in the Boc group as reaction centers, while the LocalTransform model recognizes 

229 only the hydroxyl group and its attached carbon atom. In contrast, the SPABA model accurately 

230 identifies all core reaction center atoms. Figure 4d shows an example of ruthenium-catalyzed 

231 direct C–H phosphorylation of indoles at the C4 position.35 This strategy eliminates the need to 

232 pre-protect the highly reactive C2 and C3 positions and overcomes the limitations of traditional 

233 approaches that depend on directing groups or fail to achieve selective C4 functionalization. 

234 The core reaction centers for formation of the major product are the C4 carbon atom of the 

235 indole ring in compound 6 and the phosphorus atom in compound 7. The results indicate that 

236 the Rexgen model produces incorrect predictions for the reactive atoms in both molecules, and 

237 the LocalTransform model identifies only the phosphorus and oxygen atoms in compound 7. By 

238 contrast, the SPABA model accurately predicts all core reaction center atoms. Across all cases 
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239 examined, only the SPABA model consistently and correctly identifies the complete set of 

240 reaction center atoms responsible for major product formation. 

241
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242
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243 Fig. 4 | Case Study of Reaction Center Prediction. (a) Example of the nickel-catalyzed 

244 Suzuki–Miyaura cross-coupling reaction between aliphatic methanesulfonates and arylboronic 

245 acids. (b) Example of the one-step synthesis of m-phenylenediamine derivatives via the tandem 

246 reaction of cyclohexenones with secondary amines. (c) Example of the synthesis of novel 

247 pyrroloquinone monoketals by converting originally minor phenol oxidation pathways into major 

248 pathways. (d) Example of the ruthenium-catalyzed direct C−H phosphorylation of indoles at the 

249 C4 position.

250
251
252 Discussion
253 The attention mechanism, a central component of large language models, encodes 

254 relationships between tokens by quantifying their pairwise interactions. In the PABA framework, 

255 unsupervised learning based on the binary attention matrix of the 7_7 attention head enables 

256 prediction of bimolecular and trimolecular reaction centers. Because CLMs are trained 

257 exclusively on single-molecule data, the ability of the 7_7 attention head to capture 

258 multi-molecular reaction centers likely arises from atomic interaction patterns learned from 

259 single-molecule SMILES representations.26, 36, 37 By exploiting these learned atomic interactions 

260 encoded in the 7_7 attention head, the SPABA approach achieves high accuracy in reaction 

261 center prediction. Beyond reaction center identification, our findings further indicate that 

262 attention matrices may be broadly applicable to other tasks, including molecular property 

263 prediction and single-step retrosynthesis.10, 11, 38-41 

264 Because SPABA_7_7 achieves higher accuracy than supervised models that rely on CLM 

265 embeddings, our strategy of using a specific attention head for a defined task can be readily 

266 extended to other language models and application domains. For example, this approach could 

267 support solubility prediction using protein language models (PLMs). We have recently applied 

268 related strategies to identify protein words and to use these protein words to predict protein–

269 small molecule interactions.42 More broadly, attention mechanisms can enable systematic 

270 investigation of whether, and how, specific molecular features influence properties such as 

271 solubility, stability, and reactivity, thereby supporting the rational design of molecules with 

272 desirable characteristics. In addition, attention matrices can help identify key binding sites 

273 involved in complex protein–molecule interactions, improving mechanistic understanding of 

274 molecular recognition. This capability is particularly valuable in drug discovery, where accurate 

275 prediction of binding affinity between drug candidates and their targets remains a central 
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276 challenge. Extending the PABA framework to these applications could substantially improve the 

277 efficiency and effectiveness of molecular and drug design.

278

279 Conclusion
280 In conclusion, we propose the PABA approach, which reveals chemically meaningful 

281 information encoded in pretrained CLMs through systematic analysis of attention matrices. By 

282 examining attention matrices across reactions in the USPTO_1K dataset, we identify the 7_7 

283 attention head as exhibiting substantially higher relevance to reaction centers than all other 

284 heads. Further analysis based on binarization of attention weights using the parameter alpha 

285 shows that the 7_7 attention head achieves the strongest predictive performance in an 

286 unsupervised setting, outperforming traditional unsupervised methods such as the Gasteiger 

287 charge and functional group approaches. Building on this insight, the SPABA model attains an 

288 MCC of 0.73 and delivers higher prediction accuracy and overall performance than both 

289 Rexgen and LocalTransform. Moreover, evaluation on previously unseen four representative 

290 reactions demonstrates that SPABA accurately identifies reaction centers in novel reactions, 

291 highlighting its strong generalizability. Together, these results establish a new methodological 

292 framework for reaction center prediction that offers clear advantages in both accuracy and 

293 generalizability over existing approaches. Given that USPTO data is patent-derived, it is 

294 naturally biased toward successful or common reaction types, which is a limitation of the current 

295 study. Notably, the exact reaction center may depend on the reaction conditions, which are not 

296 reflected in the training data containing only molecules. Future work incorporating reaction 

297 conditions into the prediction framework is needed.

298

299

300 Methods
301 Samples and attention data collection 
302 Three datasets were constructed for attention data collection. A molecular dataset containing 

303 10k molecules was used for molecular fragment extraction. The USPTO-1k dataset was 

304 employed to identify and determine attention heads associated with reaction centers. The 

305 USPTO-50k dataset was used for supervised learning, including model training, validation, and 

306 testing. To ensure structural alignment, all SMILES notations were converted into 

307 hydrogen-depleted forms using RDKit. Versions of the software libraries were Python:3.12.1, 

308 Numpy 1.26.4, Pandas:2.2.1, Rdkit: 2023.09.6, Pytorch:2.2.2, Seaborn :0.13.2, Scipy:1.1.3.2. 

309 Additionally, The CLM used in this study 
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310 (https://github.com/WeilabMSU/Pretrain-Models/blob/main/README.md) does not provide an 

311 attention interface. Attention matrices for all layers and heads were computed using Equation 1. 

312 We extracted the 8 Q*KT heads matrices from each layer of the model's functional function, 

313 sequentially saved the data from 8 layers, and ultimately uploaded it to the main function (Fig. 

314 1a). A total of 64 heads' attention matrices were preserved for each sample.                              

315                          𝐴(𝑄,𝐾,𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑄𝐾𝑇

𝑑𝑘
) 𝑉                         (1)

316 where 𝑄,𝐾, 𝑉 denote the query, key, and value matrices, respectively, and 𝑑𝑘 is the 

317 dimensionality of the key vectors.

318

319 The PABA framework
320 During the training of CLM, special tokens '<s>' were added to both ends of the SMILES strings. 

321 To align the number of atoms with the coordinates, we removed the two outermost rows and 

322 columns of the attention matrix. Additionally, to prevent inconsistencies between the size of the 

323 attention tokens matrix and the number of atoms in the SMILES strings, we constrained 

324 elements in the input SMILES strings that contained multiple atoms (eg., R-Cl and R-Br) to be 

325 treated as single elements. Subsequently we generated grayscale images with their 

326 corresponding atomic coordinates (Fig. 2a). By applying a binarization threshold alpha to the 

327 raw attention, we obtained binarized matrices containing the critical information.43-47 Since 

328 RDKit only numbers atoms in SMILES strings, non-atomic symbols (eg., numbers, parentheses, 

329 and "@") were removed to prevent interference when matching binary matrix atoms with 

330 SMILES atoms. Non-atomic symbols such as ‘1’ and ‘=’ in SMILES are used to represent 

331 topological relationships or bond types but do not correspond to actual atoms. In our SMILES 

332 processing pipeline, these symbols are removed by precisely identifying their positions using a 

333 Python script. After attention binarization, we retain only tokens corresponding to atoms, 

334 thereby enabling alignment from token-level attention to atom-level attention. Examples are 

335 shown in Fig. S1. Non-atomic symbols is deleted during the atomic mapping step in the PABA, 

336 which does not affect the original source data. After the above operations, the algorithm 

337 identified positions with a value of 1 in the binary atomic matrix and projected them onto the 

338 vertical axis to locate attention atoms. Using RDKit's Draw function, the reactive center atoms 

339 were highlighted based on SMILES numbering and attention coordinates (Fig. 2a).

340 To extract the most critical information from the attention mechanism, we applied an alpha 

341 threshold to binarize the raw attention matrix: elements greater than the threshold were set to 1, 

342 while those below the threshold were set to 0. Specifically, the two-dimensional attention matrix 

343 was first flattened into a one-dimensional vector, and each element was ranked and assigned a 
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344 rank value (Equation 2). The algorithm used 𝛼|𝐴| as the cutoff, converting values to 1 if above 

345 cutoff and 0 if below in a same-length one-dimensional matrix. Finally, this one-dimensional 

346 matrix was reshaped into a binarized matrix with the same dimensions as the original attention 

347 matrix.

348                    (2)

349                                𝐵𝑖𝑗 =  
1,    𝑀𝑖𝑗 ≤ 𝛼|𝐴|    
0,    𝑀𝑖𝑗 > 𝛼 |𝐴|    

350
351 where |𝐴| denotes the total number of elements in the attention matrix, 𝑀𝑖𝑗 denotes the rank 
352 index of |𝐴| among all attention elements, and 𝛼 is the binarization threshold ratio. 
353  
354 The choice of the binarization threshold alpha impacted the results: while a higher alpha 

355 value filtered out more minor information, an excessively high alpha led to the loss of critical 

356 information. In the current sample, when alpha was set to 0.99, the binarized matrix accurately 

357 captured reactive center the most critical information in the raw attention, specifically the block 

358 structures that were significantly darker than other regions (Fig. S2b). However, further 

359 increasing the alpha value (e.g., 0.999) caused the dark regions in the binarized matrix to shrink 

360 and lost the most critical information, even resulting in the disappearance of functional groups 

361 (e.g., R-Cl) (Fig. S2c). Conversely, when alpha was reduced to 0.97, minor information (e.g., 

362 atoms on the benzene ring) began to appear (Fig. S2a). Therefore, the setting of the alpha 

363 value must be optimized based on the requirements of the specific task to ensure the retention 

364 of critical information while avoiding the introduction of excessive noise.

365 Extracting molecular fragments
366

367 After processing the attention matrices of MolDataset through binarization, projection, and 

368 vertical coordinate processing, we obtained the molecular fragments of interest and their 

369 coordinates. To identify functional groups in fragments, we built a dictionary of 25 functional 

370 groups containing their names, SMARTS patterns, simplified formulas, and atom counts (Table 

371 S1). Using the ‘HasSubstructMatch (RDKit)’ method, we matched the molecular fragments of 

372 interest with the SMARTS in the functional group dictionary and output functional groups. For 

373 ease of statistical analysis, we compiled the SMILES strings, the SMILES fragments generated 

374 from the coordinates, and the matched functional groups into the dictionary.

375 To improve the identification of functional groups in molecular fragments, we filtered 

376 attention samples by comparing fragment the number of atoms with functional group sizes. For 

377 example, though fragments “cccccc” and “ccccccC” both match benzene rings, the extra “C” 

378 atom in the latter introduced identification errors. To address this, we restricted benzene 
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379 detection to 6-atom fragments for precise identification. Following the above approach, we 

380 classified samples into 6 categories by fragment atom count and matched them to functional 

381 group sizes. Subsequently, we sorted the number of matched functional groups in each class 

382 for quantitative analysis and visualization (Fig. S3). To avoid imbalance between functional 

383 groups and fragments, we log-transformed sample counts and showed only the top 30 groups. 

384 Meanwhile, we aggregated the functional groups of all fragments and arranged them in a 

385 specific order (Fig. S4, Fig. S5).

386

387 Finding the Heads Position for Predicting Reaction Center
388 To accurately identify the head positions for reaction center prediction, we constructed the 

389 USPTO-1k and annotated reaction atom criterion based on actual chemical reaction to 

390 establish the ground truth. Using the PABA algorithm with a fixed alpha of 0.986, we binarized 

391 the attention matrix, and projected it onto the vertical axis to obtain the positions of reactive 

392 atoms. Subsequently, we saved the SMILES, positions of reactive atoms (predicted atoms), 

393 and the positions of the heads. To identify the most accurate attention heads among 64 heads 

394 across 1k samples, we compared their predictions with the ground truth. Since predictions with 

395 excess reactive atoms were meaningful for some reactions, we defined 𝐴𝑡𝑜𝑚𝐸𝑟𝑟𝑜𝑟 as the 

396 number of predicted atoms that were below or above the ground truth value (Equation 3). As the 

397 true reaction center might shift during byproduct formation, adjacent atoms were also 

398 considered in the prediction evaluation. We defined DACC as the proportion of samples with an 

399 atom error satisfying 0≤ 𝐴𝑡𝑜𝑚𝐸𝑟𝑟𝑜𝑟 ≤4, and excluded all predictions that violated the X+4 

400 criterion (Equation 4). 

401 𝐴𝑡𝑜𝑚𝐸𝑟𝑟𝑜𝑟 = |𝑃|−|𝐺|,         𝑖𝑓 𝐺 ⊆ 𝑃  
−1,                    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                    (3)

402 where 𝑃 denotes the predicted atom set, 𝐺 denotes the ground-truth reaction-center atom set, 

403 and ∣⋅∣ represents the number of atoms in the set.

404 𝐷𝐴𝐶𝐶 =  | 𝑖│0≤𝐴𝑡𝑜𝑚𝐸𝑟𝑟𝑜𝑟𝑖≤4 |
𝑁                           (4)   

405 where 𝑖 represents the index of each sample and 𝑁 represents the total number of test 
406 samples.
407
408 We established two variables, flag and head location, to store the 𝐴𝑡𝑜𝑚𝐸𝑟𝑟𝑜𝑟 of a specific 

409 attention mechanism and the corresponding head position, respectively (Fig. S6). If a head had 

410 zero error compared to the ground truth (𝐴𝑡𝑜𝑚𝐸𝑟𝑟𝑜𝑟 =0), flag_0 was set to 1, and the position 

411 of the head was saved. To rank the heads, we aggregated all heads with atom error of 0-3 and 

412 identified the top two heads. In the USPTO-1k dataset, statistical analysis showed that the 
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413 top-ranked 7_7 attention head appeared 309 times, whereas the second-ranked attention head 

414 appeared 258 times (Fig. S7c, Fig. S7d). Therefore, the 7_7 attention head exhibited 

415 significantly higher saliency at reaction centers than other attention heads and was thus 

416 selected as the focus of subsequent studies.

417

418 Finding the alpha values for Predicting Reaction Center
419 To precisely determine the optimal value of the binarization threshold alpha, we conducted a 

420 traversal of alpha values ranging from 0.970 to 0.999 for 7_7 heads. Based on the flag 

421 mentioned earlier, we counted the occurrences of 7_7 head under X+4 condition (Fig. S7a). 

422 The results show that as alpha increased from 0.97 to 0.986, the number of samples with 0-2 

423 atom errors consistently increased, while those with 3-4 atom errors exhibited only a slight 

424 decrease. When α was further increased beyond 0.986, a pronounced decline was observed in 

425 samples with 3-4 atom errors. Therefore, α = 0.986 corresponded to the maximum total number 

426 of samples within X+4 condition. For the 7_7 head, at α=0.986, the sample counts for atom 

427 errors values of 0-4 were 17, 54, 76, 82, and 80, respectively, with a total of 309 correctly 

428 predicted samples (Fig. S7b). Since the total number of correctly predicted samples 7_7 

429 reached a peak of 309 at α=0.986, we ultimately determined 0.986 to be the optimal value for 

430 alpha (Fig. 2c).

431

432 The SPABA framework
433 The USPTO_50K dataset was first processed using a pretrained model to obtain 

434 attention-based representations. The data were then randomly split into training, validation, and 

435 testing sets with a ratio of 8:1:1 for network training and evaluation. Considering that both the 

436 labels (z) (Equation 5) and prediction targets (y) (Equation 6) are binary, we employed 

437 BCEWithLogitsLoss (Equation 7,8), which integrates the sigmoid activation with binary 

438 cross-entropy in a numerically stable manner, effectively mitigating overflow and underflow 

439 issues caused by extreme logit values. Subsequently, we conducted a systematic 

440 hyperparameter search, including optimization of the network architecture and learning rate. 

441 Let the model output logits be:

442                                        z=(𝑧1,𝑧2,…,𝑧𝑁)                            (5)

443 and the corresponding ground-truth labels be:

444                                        𝑦 = (𝑦1,𝑦2,…𝑦𝑁), 𝑦𝑖 ∈ {0,1}                  (6)

445 where 𝑁 denotes the number of atoms or prediction dimensions.

446 The BCEWithLogitsLoss is defined as:
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447                       𝐿𝐵𝐶𝐸 = −1
𝑁

∑𝑁
𝑖=1 𝑦𝑖𝑙𝑜𝑔𝛿(𝑧𝑖) + (1−𝑦𝑖)log (1−𝜎(𝑧𝑖))              (7)

448 where the sigmoid function 𝜎( ∙ )is given by:

449                                 𝛿(𝑧) = 1
1+𝑒−𝑧                                  (8)

450 To identify the optimal network architecture, we systematically designed and assessed 

451 multiple neural network architectures, including FC, CNN, and Transformer-based models (Fig. 

452 S9). We began by constructing a baseline model consisting of 2FC. On this basis, two 

453 convolutional layers were introduced to form the 2CNN+2FC architecture, enabling evaluation 

454 of the impact of convolutional operations on model performance. Subsequently, the network 

455 complexity was further increased by adding one additional fully connected layer (2CNN+3FC) or 

456 one additional convolutional layer (3CNN+2FC) to the 2CNN+2FC structure, allowing for a 

457 systematic analysis of how increased architectural complexity affects prediction performance.

458 In parallel, a Transformer architecture was introduced as a comparative model to assess 

459 the effectiveness of self-attention–based designs for this task. The input length is first 

460 constrained to 512×512 and subsequently encoded by a two-layer Transformer architecture. 

461 With residual connections and nonlinear activation applied, the network produces a 512 

462 dimensional output vector. Detailed formulations are described below.

463 Input Representation
464 Each molecule is represented as an embedded SMILES sequence forming an input tensor 

465 (Equation 9):

466                                 𝑋 ∈  𝑅𝐵×𝐿×𝑑                                 (9)                                      

467 Where B denotes the batch size, L=512 is the number of tokens, and d=512 is the 

468 embedding dimension. We denote the hidden representation at the 𝑙-th layer, with 𝐻(0) = 𝑋.

469 Transformer Encoder
470 The embedded SMILES representations are processed by a multi-layer Transformer 

471 encoder. The model consists of N=2 Transformer encoder layers. 

472 Multi-Head Self-Attention (MHSA)(Equation 10-14). Given the input 𝐻(𝑙−1), the h-th attention 

473 head is computed as:

474                                 𝑄ℎ = 𝐻(𝑙−1)𝑊𝑄
ℎ                                (10)                      

475                                 𝐾ℎ = 𝐻(𝑙−1)𝑊𝐾
ℎ                                (11)                      

476                                 𝑉ℎ = 𝐻(𝑙−1)𝑊𝑉
ℎ                               (12)

477 Where 𝑊𝑄
ℎ , 𝑊𝐾

ℎ , 𝑊𝑉
ℎ ∈ 𝑅𝑑×𝑑𝑘  and 𝑑𝑘 = 𝑑/𝐻 with 𝐻 = 8 attenton heads.

478 The scaled dot-product attention is defined as:

479                        Attention(𝑄ℎ,𝐾ℎ,𝑉ℎ) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑄ℎ𝐾𝑇
ℎ

𝑑𝑘
)𝑉ℎ                 (13)
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480 The outputs of all heads are concatenated and linearly projected:

481                        MHSA(𝐻(𝑙−1))=Concat(ℎ𝑒𝑎𝑑1,…,ℎ𝑒𝑎𝑑𝐻)𝑊𝑂                (14)       

482 Residual Connection and Layer Normalization(Equation 15)

483                         𝑍(𝑙) = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚 𝐻(𝑙−1) + 𝑀𝐻𝑆𝐴(𝐻(𝑙−1))              (15)

484 Feed-Forward Network(Equation 16-18)

485

486                            𝐹𝐹𝑁(𝑍(𝑙)) = max(0,𝑍(𝑙)𝑊1 + 𝑏1)𝑊2 + 𝑏2             (16)

487 The output of the 𝑙-th encoder layer is:     

488                            𝐻(𝑙) = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚 𝑍(𝑙) + 𝐹𝐹𝑁(𝑍(𝑙))                 (17)

489 After N=2 layers, the encoder produces:

490                             𝐻 ∈ 𝑅𝐵×512×512                                   (18)        

491 Flattening Operation
492 To enable atom-level prediction, the encoder output is flattened into a one-dimensional 

493 vector (Equation 19):

494                             𝐻𝑓𝑙𝑎𝑡 = 𝐹𝑙𝑎𝑡𝑡𝑒𝑛(𝐻) ∈ 𝑅𝐵×(512∙512)                   (19)

495 Fully Connected Prediction
496 The flattened representation is passed through two fully connected layers (Equation 

497 20-22).

498 First, a hidden representation is computed using a ReLU activation:

499                             𝑍 = 𝑅𝑒𝐿𝑈 𝐻𝑓𝑙𝑎𝑡𝑊(𝑙)
𝑓 + 𝑏(𝑙)

𝑓 , 𝑊(𝑙)
𝑓 ∈ 𝑅(5122)×1024       (20)

500 Dropout regularization is then applied:

501                            𝑍′ = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝑍)                                 (21)

502 The final output of Transformer network is obtained as:

503                              𝑌 = 𝑍′𝑊(2)
𝑓 + 𝑏(2)

𝑓 ,𝑌 ∈ 𝑅𝐵×512                       (22)

504 Atom-level reaction center predictions
505 Transformer outputs are projected onto SMILES to identify reaction-center atoms.                                        

506 The sigmoid function constrains the output to the range (0,1) (Equation 23)  

507                                  𝑌=𝛿(𝑌) = 𝑦𝑖,𝑗 ∈ (0,1)𝐵×512                       (23)

508 Constrain the output to the length of the SMILES (Equation 24). The valid SMILES length of 

509 the 𝑖-th sample is 𝑔𝑖.Then the set of predicted reaction center atoms for the 𝑖 -th sample is 

510 represented as: 

511                                𝑦(𝑖) = [𝑦𝑖,1,𝑦𝑖,2,…,𝑦𝑖,𝑔𝑖] ∈ {0,1}𝑔𝑖                  (24)

512 Reaction centers are identified by thresholding (Equation 25):
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513                                  𝑦𝑖,𝑗 =
1,𝑦𝑖,𝑗 ≥ 0.5
0,𝑦𝑖,𝑗 < 0.5                             (25)

514 eg., input reaction “BrCC=C.O=C1CCCC1” output is “[1,0,0,0,0,0,1,1,1,0,0,0,0,0,0]”, reaction 

515 center is “Br”, “C=O”.
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