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Abstract001

Large Language Models (LLMs) have shown002
strong performance in molecular tasks, yet003
they often fail to capture fine-grained molec-004
ular information, particularly the presence of005
substructures and how they behave across di-006
verse chemical contexts. Most existing ap-007
proaches rely on surface-level cues, treating008
substructures as isolated markers rather than009
modeling their functional behaviors. We intro-010
duce SubMol-Instructions, a substructure-011
aware instruction tuning dataset that explic-012
itly links molecular substructures to their task-013
specific functional behaviors. We further pro-014
pose StructMol, a molecule LLM that builds015
a robust global molecular representation from016
multiple structural views and is trained to incor-017
porate the fine-grained substructure-level super-018
vision introduced by SubMol-Instructions.019
Experimental results on reaction prediction,020
property prediction, and molecule translation021
tasks show that our approach consistently out-022
performs powerful baselines, highlighting the023
importance of explicitly defining and learning024
substructural behaviors for improving molecu-025
lar understanding of LLM.1026

1 Introduction027

LLMs have demonstrated remarkable versatility028

across a wide range of domains, serving as pivotal029

catalysts for scientific discovery. In drug develop-030

ment, Molecule LLMs have emerged as powerful031

tools to accelerate traditional, labor-intensive wet-032

lab pipelines (M. Bran et al., 2024; Cao et al., 2025).033

By adapting general-purpose language models via034

molecular multi-task instruction tuning (Fang et al.,035

2023), these systems have demonstrated the poten-036

tial to perform challenging chemical tasks, such as037

reaction prediction (Wei et al., 2010), property pre-038

diction (Wu et al., 2018), and molecule-text trans-039

lation (Edwards et al., 2022).040

1Our data and code are available at https://anonymous.
4open.science/r/SubMol-Instructions.

Despite these achievements, current Molecule 041

LLMs still exhibit fundamental limitations in 042

achieving deep molecular understanding. Mostly, 043

these models primarily rely on a linear 1D repre- 044

sentation, such as SMILES (Weininger, 1988) or 045

SELFIES (Krenn et al., 2020). However, the dis- 046

tinct distribution of these representations diverges 047

substantially from the natural language corpora 048

used for pretraining, causing models to struggle 049

with capturing precise structural details, particu- 050

larly functional groups (Chen et al., 2025; Kim 051

et al., 2025). Furthermore, the sparsity of molecu- 052

lar data restricts the effective assimilation of new 053

chemical knowledge, thereby hindering the acqui- 054

sition of fine-grained representations (Park et al., 055

2025). As a result, they often fail to capture fine- 056

grained structural differences that play a crucial 057

role in shaping a molecule’s core functionalities 058

and properties (Wu et al., 2023). 059

While a few studies have attempted to enhance 060

fine-grained understanding by leveraging molec- 061

ular substructures (Yang et al., 2025; Lin et al., 062

2025), they remain limited by their reliance on 063

superficial cues, such as the mere presence of sub- 064

structures or associated textual keywords. However, 065

the inherent properties and functions of a molecule 066

are deeply embedded in its structure, composition, 067

and interactions (Edwards et al., 2025). Specifi- 068

cally, molecular tasks contain implicit structural 069

cues, such as identifying which bond connectiv- 070

ity is severed during a chemical reaction (Coley 071

et al., 2019) or determining whether specific motifs 072

disproportionately govern a target property (Xiong 073

et al., 2019). Expecting LLMs to implicitly internal- 074

ize these complex insights solely from surface-level 075

data may be insufficient, given their lack of topolog- 076

ical understanding. This motivates us to explicitly 077

model the substructure-level functional cues. 078

To address the aforementioned limitation, we 079

introduce SubMol-Instructions, a dataset that 080

links substructures to their functional behaviors 081
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across diverse chemical tasks (Wei et al., 2010; Wu082

et al., 2018; Edwards et al., 2022). Using annotated083

molecules, we first isolate substructures and extract084

their relationships with task outcomes. These re-085

lationships comprise structural inclusion between086

substructures and their parent molecules or tex-087

tual descriptions, substructure roles in chemical088

reactions, and substructure contributions to molec-089

ular properties. We then filter noisy instances using090

a noisy sample estimation method to ensure data091

quality (Arazo et al., 2019). The resulting dataset092

facilitates fine-grained molecular understanding by093

explicitly supervising substructure-level behaviors.094

To fully harness this explicit substructure-level095

supervision from our curated dataset and deepen096

molecular understanding, we further introduce097

StructMol. Recognizing that local substructure098

behaviors are intrinsically governed by the global099

molecular context, StructMol constructs a coher-100

ent global representation through a dual-view strat-101

egy. This approach jointly generates SMILES and102

SELFIES to capture complementary structural in-103

sights: the explicit bond connectivity of SMILES104

aids in delineating substructural boundaries, while105

the robustness of SELFIES ensures chemically con-106

sistent generation (Leon et al., 2024). This design107

provides a coherent global context in which fine-108

grained substructure-level supervision can be effec-109

tively applied.110

Empirical evaluations across a diverse range of111

tasks, including reaction prediction, property pre-112

diction, and molecule–text translation, demonstrate113

that our model consistently outperforms strong114

baselines despite its compact size. Remarkably,115

even when relying solely on 1D molecular repre-116

sentations, it often surpasses state-of-the-art meth-117

ods that incorporate 2D graph information. These118

results underscore that advancing molecular under-119

standing in LLMs hinges not merely on scaling120

model size or adding modalities, but on effectively121

leveraging intrinsic molecular structure. Ultimately,122

this validates that the fine-grained substructural123

learning facilitated by our dataset is key to enabling124

robust generalization across diverse chemical con-125

texts. Our main contributions are as follows:126

• We introduce SubMol-Instructions, a127

dataset explicitly bridging molecular substruc-128

tures with their functional behaviors.129

• We propose StructMol, a dual-view frame-130

work that synergizes SMILES and SELFIES131

to capture complementary structural details.132

• Our method outperforms existing methods 133

across diverse tasks, underscoring the impor- 134

tance of explicit substructural learning. 135

2 Related Work 136

2.1 Molecule Language Modeling 137

Researchers in natural language processing have 138

long explored graph-structured data, motivating the 139

interpretation of molecules as atom-level graphs 140

and the application of NLP techniques to chemical 141

domains (Wu et al., 2018; Chithrananda et al., 2020; 142

Ross et al., 2022). These approaches have gained 143

attention for enabling more efficient drug candi- 144

date screening than traditional wet-lab pipelines. 145

More recently, molecule instruction-tuning meth- 146

ods (Fang et al., 2023; Yu et al., 2024a) have sought 147

to leverage the adaptability of LLMs for biomolec- 148

ular tasks. However, LLMs still exhibit limited 149

structural understanding of molecules, motivating 150

continued efforts to address this challenge (Park 151

et al., 2024a; Hu et al., 2025). For example, In- 152

structMol integrates a 2D graph encoder with an 153

LLM (Cao et al., 2025), while subsequent work 154

(Pei et al., 2025) further incorporates 3D molecular 155

topology to improve generation reliability. Nev- 156

ertheless, existing approaches continue to strug- 157

gle with fine-grained molecular understanding, of- 158

ten underperforming small-sized specialist models 159

(<0.3B parameters) (Park et al., 2025). In this work, 160

we aim to bridge this gap by explicitly modeling 161

substructure-level functional behaviors, enabling 162

more precise molecular reasoning. 163

2.2 Fine-grained Molecular Understanding 164

Efforts to improve molecular understanding in lan- 165

guage models have explored learning from fine- 166

grained molecular decompositions. For property 167

prediction, prior work has proposed fine-grained 168

alignment across multiple molecular modalities 169

(Feng et al., 2023; Yu et al., 2024b; Park et al., 170

2024b), while molecule–caption alignment meth- 171

ods associate molecular fragments with textual 172

phrases to capture structure–language correspon- 173

dence (Zhang et al., 2025; Park et al., 2025). To 174

further enhance structural perception, hierarchical 175

tokenization schemes encode atom-, motif-, and 176

molecule-level information (Chen et al., 2025), and 177

datasets with multi-level annotations have been 178

introduced to better link molecular structures to 179

textual descriptions (Yang et al., 2025). In paral- 180

lel, large-scale synthesis and decomposition pre- 181
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Figure 1: Data generation process of SubMol-Instructions. Data statistics are provided in Table 6 in the Appendix.

training has been shown to benefit reaction pre-182

diction tasks (Lin et al., 2025). However, these183

approaches primarily rely on surface-level signals,184

such as structural presence or alignment, without185

explicitly modeling how substructures influence186

task outcomes. In contrast, our work directly mod-187

els substructure-level functional behaviors across188

diverse chemical tasks, enabling more explicit and189

task-oriented molecular reasoning.190

3 Method191

In this section, we introduce our proposed dataset192

and model. SubMol-Instructions provides ex-193

plicit supervision on substructural cues, enabling194

models to capture fine-grained structural signals195

across diverse chemical tasks (§3.1). Using this196

dataset, we develop StructMol, a structure-aware197

molecule LLM that improves molecular under-198

standing by learning our new dataset (§3.2).199

3.1 SubMol-Instructions Construction200

3.1.1 Chemical Relation Extraction201

To effectively predict how molecules behave in202

tasks such as reaction prediction, property predic-203

tion, and molecule-text translation, it is essential204

to identify substructural cues. In this work, we de-205

fine and extract meaningful substructures based206

on three key relationships, enabling the model to207

learn fine-grained molecular representations.2 An208

overview of the data generation process is shown209

in Figure 1.210

2More details are provided in Appendix B.

Structure-Reactivity Relation

In the context of chemical reactions, local
structural features, such as the degree of con-
nectivity and bond order, are critical determi-
nants of reactivity (Coley et al., 2019). To en-
able the model to learn the causal link between
structure and reactivity, we distinguish and ex-
tract substructures that are consumed, emer-
gent, or preserved during reactions.

211

Structure-Property Relation

In the prediction of molecular properties, a
critical premise is that molecules sharing simi-
lar substructures exhibit similar macroscopic
properties (Le et al., 2012; Park et al., 2024b).
To facilitate the learning of this mapping be-
tween structure and property, we extract all
enrolled substructures that contribute to the
manifestation of a specific property.

212

Structure-Description Relation

Textual descriptions of molecules are com-
posed of keywords derived from specific sub-
structures (Park et al., 2025). To capture the
subtle semantic alignment between molecu-
lar structure and natural language descriptions,
we extract substructures that are included in
the description of the parent molecule.

213

We implement this schema by processing the 214

training sets of Mol-Instructions (Fang et al., 2023), 215
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covering forward reaction prediction, retrosynthe-216

sis (Lu and Zhang, 2022), property prediction (Wu217

et al., 2018), molecule captioning and generation218

(Kim et al., 2021).3 For each molecule–output pair,219

we decompose the molecule using the BRICS al-220

gorithm (Degen et al., 2008) and map the resulting221

substructures to task entities according to the cate-222

gories above. Task entities may take the form of an223

input chemical equation, a scalar property value, or224

a textual description. This process converts each in-225

stance into a structured chemical knowledge triple226

of the form227

(substructure, relation, entity),228

where both substructure and molecular entity229

are expressed in SELFIES format.230

3.1.2 Learning-based Noisy Sample Filtering231

While the relation extraction procedure provides232

broad coverage, the heuristic nature of rule-based233

mapping inevitably introduces noise. To improve234

dataset reliability, we propose a filtering mecha-235

nism grounded in the early-learning phenomenon,236

wherein deep neural networks prioritize clean,237

consistent patterns before memorizing noisy la-238

bels (Arazo et al., 2019). This filtering step239

serves to stabilize role supervision, ensuring that240

SubMol-Instructions reflects consistent func-241

tionality of substructures.4242

We first train a knowledge graph embedding243

model using chemical knowledge triples curated244

in the above section. To facilitate the encoding245

of scientific data, we utilize SciBERT (Beltagy246

et al., 2019) as an entity encoder, which maps the247

substructure (h) and the entity (t) into a shared248

embedding space. These embeddings are optimized249

using the TransE scoring function (Bordes et al.,250

2013) with a margin-based ranking loss:251

L =
∑

(h,r,t)∈S

∑
(h′,r′,t′)∈S′

[
γ + d(h+ r, t)

− d(h′ + r′, t′)
]
+

(1)

252

where S denotes the set of original triples, S ′ the253

set of negative triples, γ the margin, and d(·) the254

distance metric.255
3Reagent prediction data were excluded due to the lack

of high-quality annotations (Andronov et al., 2023; Yu et al.,
2024a).

4Further analysis of the impact of our filtering method,
along with filtered examples, is in Appendix E.

Large Language Model

……

SMILESSELFIES

…

Description

…

Instruction

S

/S

Figure 2: Illustration of Dual-view Molecule Alignment.
Given alignment pairs of SMILES, SELFIES, and De-
scription, LLM takes one of them to generate the others.

To construct negative triples, we corrupt original 256

triples by replacing substructures with structurally 257

similar molecules rather than using random sam- 258

pling, guiding the model to distinguish fine-grained 259

structural differences. During training, each orig- 260

inal triple is corrupted by substituting either the 261

head or the tail with one of its precomputed near- 262

est neighbors based on structural similarity. We 263

compute Morgan fingerprints (Rogers and Hahn, 264

2010a) and construct a similarity map using Tani- 265

moto similarity.5 266

After training, the embedding model serves as a 267

filter. For each triple, we rank candidate relations 268

according to embedding distance. Triples whose 269

ground-truth relation r does not appear within the 270

model-predicted relations are considered inconsis- 271

tent and are removed. 272

3.1.3 Verbalization 273

To bridge the gap between structured chemical 274

knowledge and text generation objectives, we trans- 275

form refined triples into natural language instruc- 276

tions using the templates listed in Table 9 in Ap- 277

pendix. By guiding the model to generate the target 278

(h) conditioned on its functional context defined by 279

the (r) and (t), we ensure that the model explicitly 280

learns the correlations between structural patterns 281

and their functional behaviors. 282

3.2 StructMol 283

To better learn local information of molecules, the 284

model should first understand global structural in- 285

formation, since the functional behaviors of sub- 286

structures are inextricably linked to the global 287

molecular context. To construct this comprehensive 288

structural representation, we propose a dual-view 289

5All molecular processing is performed using RDKit.
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learning strategy that simultaneously predicts both290

SMILES and SELFIES. By combining the explicit291

connectivity of SMILES with the robust validity292

constraints of SELFIES (Leon et al., 2024), this293

approach captures complementary structural de-294

tails that contribute to a coherent global molecular295

representation.296

3.2.1 Step 1: Dual-view Molecule Alignment297

Following prior work (Cao et al., 2025; Hu et al.,298

2025), we perform molecule–text pre-training us-299

ing PubChem data (Kim et al., 2021) to integrate300

molecular knowledge into the internal represen-301

tations of LLMs. While existing molecule LLMs302

primarily rely on SELFIES for generation, we in-303

tegrate SMILES to compensate for the lack of ex-304

plicit connectivity in SELFIES.305

Specifically, we collect 430K molecule–text306

pairs and represent each molecule using both307

SMILES and SELFIES, forming triplets of308

(SMILES, SELFIES, Description). During pre-309

training, the model is conditioned on one compo-310

nent along with a task instruction and trained to311

generate the remaining components, as illustrated312

in Figure 2. This dual-view pre-training objective313

exposes the model to complementary structural sig-314

nals and encourages consistent alignment across315

textual and molecular representations, yielding a316

more robust alignment as analyzed in Appendix C.317

3.2.2 Step 2: Dual-view Instruction Tuning318

Building upon the dual-view alignment estab-319

lished in Step 1, we further train the model using320

SubMol-Instructions to capture local informa-321

tion. In this stage, we adopt the same dual-view322

generation strategy. Specifically, when generating323

substructures, the model is encouraged to produce324

both SMILES and SELFIES representations simul-325

taneously, allowing it to learn connected and struc-326

turally valid molecular fragments in a consistent327

manner. The same dual-view training strategy is328

also maintained during downstream molecular gen-329

eration tasks, where the model jointly generates330

SMILES and SELFIES. By doing so, StructMol ac-331

tively leverages the structural knowledge acquired332

during pre-training and instruction tuning, ensuring333

consistency between global molecular context and334

local substructure reasoning.335

4 Experiments336

In this section, we verify the efficacy of our new337

dataset, SubMol-Instructions, through extensive338

experiments and analyses using StructMol to an- 339

swer the following questions: 340

• Can StructMol exhibit better molecule under- 341

standing? (§4.2, §4.4) 342

• Can the learned knowledge of StructMol be gen- 343

eralized to unseen tasks? (§4.3) 344

• Which components of StructMol are crucial for 345

improving its effectiveness? (§4.5, §E) 346

4.1 Experimental Settings 347

Dataset. We use the training data from Mol- 348

Instructions (Fang et al., 2023) as a seed to con- 349

struct SubMol-Instructions. From the molecules 350

in this dataset, we extract a total of 510,526 351

substructures, which are used to generate ap- 352

proximately 1.8 million substructure-related ques- 353

tion–answer pairs. To decompose molecules into 354

substructures, we impose a maximum atom 355

count of 100 due to computational constraints. 356

The molecule–text pairs used for pre-training 357

StructMol are collected following the approach 358

described in Park et al. (2025). For evaluation, 359

we conduct molecule generation tasks, including 360

forward reaction prediction, retrosynthesis, and 361

description-guided molecule design, using Mol- 362

Instructions. We additionally evaluate molecule 363

captioning on the ChEBI-20 dataset (Edwards et al., 364

2022) and molecule property prediction tasks using 365

the MoleculeNet benchmark (Wu et al., 2018). 366

Baselines. We compare StructMol, our model 367

trained with SubMol-Instructions, against a 368

diverse set of competitive generalist Molecule 369

LLMs, including the model from Mol-Instructions 370

(Fang et al., 2023), InstructMol (Cao et al., 2025), 371

PRESTO (Cao et al., 2024), Omni-Mol (Hu et al., 372

2025), KnowMol (Yang et al., 2025), and UniMoT 373

(Guo et al., 2025). In particular, we focus on com- 374

parisons with Omni-Mol, which shares the same 375

backbone language model as our approach (Llama- 376

3.2-1B-Instruct (Dubey et al., 2024)).6 377

Metrics. For molecule generation tasks, we em- 378

ploy Exact Match (EM), BLEU (Papineni et al., 379

2002), and Levenshtein distance (Lev) (Miller et al., 380

2009) to measure string level similarity, along 381

with Validity to assess the grammatical correctness 382

of generated molecules. We also adopt molecu- 383

lar fingerprint based similarity metrics, including 384

MACCS FTS (MAC) (Durant et al., 2002), RDK 385

6Implementation details are in Appendix A.

5



Method # Params Modality Exact↑ BLEU↑ Lev↓ RDK↑ MAC↑ Mor↑ Validity↑

Forward Reaction Prediction
Mol-Instructions (Fang et al., 2023) 8B 1D 0.503 0.883 13.410 0.756 0.863 0.708 1.000
InstructMol (Cao et al., 2025) 7B 1D + 2D 0.536 0.967 10.851 0.776 0.878 0.741 1.000
HIGHT (Chen et al., 2025) 7B 1D + 2D 0.037 0.869 23.759 0.590 0.394 0.340 0.993
PRESTO (Cao et al., 2024) 7B 1D + 2D 0.355 0.836 10.647 0.646 0.726 0.624 0.973
UniMoT (Guo et al., 2025) 7B 1D + 2D 0.611 0.980 8.297 0.836 0.911 0.807 1.000
Omni-Mol (Hu et al., 2025) 2B 1D + 2D 0.733 0.980 5.550 0.895 0.947 0.870 1.000
KnowMol (Yang et al., 2025) 7B 1D + 2D 0.752 0.986 5.662 0.889 0.943 0.877 1.000
StructMol (SELFIES) 1B 1D 0.893 0.989 1.492 0.964 0.981 0.959 1.000
StructMol (SMILES) 1B 1D 0.903 0.976 1.353 0.973 0.986 0.967 0.992

Retrosynthesis
Mol-Instructions (Fang et al., 2023) 8B 1D 0.333 0.842 17.642 0.704 0.815 0.646 1.000
InstructMol (Cao et al., 2025) 7B 1D + 2D 0.407 0.941 13.967 0.753 0.852 0.714 1.000
HIGHT (Chen et al., 2025) 7B 1D + 2D 0.008 0.863 28.912 0.564 0.340 0.309 1.000
PRESTO (Cao et al., 2024) 7B 1D + 2D 0.275 0.902 14.433 0.655 0.737 0.619 0.980
UniMoT (Guo et al., 2025) 7B 1D + 2D 0.478 0.974 11.634 0.810 0.909 0.771 1.000
Omni-Mol (Hu et al., 2025) 2B 1D + 2D 0.570 0.960 8.970 0.864 0.909 0.830 1.000
KnowMol (Yang et al., 2025) 7B 1D + 2D 0.598 0.975 8.363 0.856 0.912 0.829 1.000
StructMol (SELFIES) 1B 1D 0.639 0.964 6.546 0.897 0.931 0.869 1.000
StructMol (SMILES) 1B 1D 0.644 0.910 6.510 0.909 0.932 0.881 0.992

Description-guided Molecule Generation
LLama (Fang et al., 2023) 7B 1D 0.000 0.003 59.864 0.005 0.000 0.000 0.003
Vicuna (Fang et al., 2023) 7B 1D 0.000 0.006 60.356 0.006 0.001 0.000 1.000
MolT5 (Edwards et al., 2022) 0.2B 1D 0.112 0.546 38.276 0.400 0.538 0.295 0.773
Mol-Instructions (Fang et al., 2023) 8B 1D 0.025 0.521 38.742 0.358 0.520 0.221 1.000
UniMoT (Guo et al., 2025) 7B 1D + 2D 0.237 0.698 27.782 0.543 0.651 0.411 1.000
Omni-Mol (Hu et al., 2025) 2B 1D + 2D 0.120 0.824 23.590 0.562 0.721 0.442 1.000
KnowMol (Yang et al., 2025) 7B 1D + 2D 0.083 0.797 30.702 0.570 0.693 0.426 1.000
StructMol (SELFIES) 1B 1D 0.081 0.778 31.848 0.583 0.706 0.426 1.000
StructMol (SMILES) 1B 1D 0.085 0.615 32.214 0.592 0.713 0.449 0.993

Table 1: Results for molecule generation tasks. Bold and underlined mark the best and second-best scores. 1D and
2D refer to 1D molecular representations and 2D molecular graphs.

FTS (RDK) (Schneider et al., 2015), and Morgan386

FTS (Mor) (Rogers and Hahn, 2010b), to compare387

structural similarity with reference molecules. For388

molecule captioning, we report BLEU (Papineni389

et al., 2002), ROUGE (Lin, 2004), and METEOR390

(Denkowski and Lavie, 2014) scores. For property391

prediction, we use the scaffold split provided by392

DeepChem (Ramsundar et al., 2019) and report393

ROC-AUC scores for classification tasks and Mean394

Absolute Error (MAE) for regression tasks.395

4.2 Molecular Generation396

Table 1 presents the experimental results across397

a range of molecule generation tasks, including398

forward reaction prediction, retrosynthesis, and399

description-guided molecule generation. Since our400

model is designed to simultaneously generate both401

SMILES and SELFIES for a given input, we re-402

port the evaluation metrics for each representation403

separately.404

StructMol consistently outperforms prior base-405

lines on reaction-related tasks, specifically for-406

ward reaction prediction and retrosynthesis. For-407

ward reaction prediction entails predicting prod-408

uct molecules from chemical equations, whereas409

retrosynthesis corresponds to the inverse process. 410

Notably, our model achieves substantial gains over 411

Omni Mol, a recent state-of-the-art approach uti- 412

lizing the identical backbone. Across these tasks, 413

StructMol improves the Exact Match score by 414

more than 18%p on average and reduces the Leven- 415

shtein distance by 3.3 points compared to Omni 416

Mol. These indicate that our model generates 417

molecules that are significantly closer to the ground 418

truth at both the string and structural levels. 419

These results are particularly compelling given 420

the architectural efficiency of StructMol. While 421

most competing methods rely on larger model 422

sizes and auxiliary 2D structural information, our 423

model relies exclusively on 1D molecular rep- 424

resentations. This superiority suggests that ex- 425

plicitly learning substructure-level behaviors via 426

SubMol-Instructions enables a more accurate 427

modeling of chemically meaningful transforma- 428

tions, leading to improved generation performance 429

without complex graph encoders. 430

In the task of description-guided molecule gen- 431

eration, StructMol also demonstrates competitive 432

performance. Despite its compact model size and 433

the absence of 2D molecular graphs, our approach 434
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Method # P HOMO↓ LUMO↓ ∆ϵ ↓ Avg↓

LLM-based Generalists
Vicuna (2022) 7B 0.7367 0.8641 0.5152 0.7510
Mol-Instruction (2023) 7B 0.0210 0.0210 0.0203 0.0210
InstructMol (2025) 7B 0.0048 0.0050 0.0061 0.0050
HIGHT (2025) 7B 0.0056 0.0065 0.0077 0.0066
UniMoT (2025) 7B 0.0042 0.0047 0.0055 0.0049
Omni-Mol (2025) 2B 0.0038 0.0047 0.0049 0.0044
StructMol 1B 0.0031 0.0037 0.0035 0.0034

Table 2: Results for molecular property prediction re-
gression tasks (MAE) on QM9 benchmark (Fang et al.,
2023). Bold indicates the best results.

Method # P BBBP Tox21 MUV HIV BACE Avg.

Specialists
KV-PLM (2022) 0.1B 70.5 49.2 61.7 71.8 78.5 66.3
MolFM (2023) 0.1B 72.9 77.2 76.0 78.8 83.9 77.8
Uni-Mol (2023) 0.4B 72.9 79.6 81.7 80.8 85.7 80.1
MolBridge (2025) 0.1B 77.6 84.7 76.8 77.8 84.5 80.3

LLM-based Generalists
Galatica (2022) 130B 66.1 68.9 - 74.5 61.7 -
InstructMol (2025) 7B 70.0 74.7 74.6 68.9 82.3 74.1
HIGHT (2025) 7B 61.8 67.4 51.1 63.3 77.1 64.1
UniMoT (2025) 7B 71.4 76.4 76.0 78.5 83.7 77.2
KnowMol (2025) 7B 69.2 68.7 61.6 81.8 69.2 70.1
StructMol 1B 72.8 81.9 69.7 81.0 88.2 78.7

Table 3: Results for molecular property classification
tasks (ROC-AUC) on MoleculeNet benchmark. Bold
and underlined mark the best and second-best scores.

achieves structural similarity scores that are com-435

parable to, or better than, those of models incor-436

porating richer structural modalities. This further437

validates that substructure-aware supervision is ef-438

fective in enabling the generation of consistent and439

structurally precise molecules.440

4.3 Molecule Property Prediction441

To examine whether StructMol can capture struc-442

ture–property relationships, we evaluate its per-443

formance on a diverse set of molecular property444

prediction tasks. Specifically, we conduct regres-445

sion tasks using the QM9 dataset provided by Mol-446

Instructions, as well as property classification tasks447

from the MoleculeNet benchmark. The results are448

reported in Tables 2 and 3, respectively. Notably,449

the classification tasks involve unseen data that are450

not included in SubMol-Instructions, allowing451

us to assess the generalization of the learned molec-452

ular knowledge.453

In molecular property regression tasks, we ob-454

serve trends similar to those found in molecular455

generation. Despite its relatively small model size,456

our approach achieves an average improvement of457

at least 22% over prior baselines. These results sug-458

gest that explicitly learning the relations defined459

in SubMol-Instructions helps the model better460

understand molecular properties and capture their461

Method # P B-2↑ B-4↑ R-1↑ R-2↑ R-L↑ M↑

Specialists
MolT5 (2022) 0.7B 0.59 0.50 0.65 0.51 0.59 0.61
MolXPT (2023) 0.3B 0.59 0.50 0.66 0.51 0.59 0.62
Atomas (2025) 0.2B 0.63 0.55 0.69 0.56 0.63 -
MolBridge-Gen (2025) 0.2B 0.67 0.60 0.72 0.60 0.67 0.69

LLM-based Generalists
Mol-Instruction (2023) 7B 0.24 0.17 0.33 0.20 0.28 0.27
InstructMol (2025) 7B 0.47 0.37 0.56 0.39 0.50 0.50
HIGHT (2025) 7B 0.50 0.40 0.57 0.39 0.50 0.52
Omni-Mol (2025) 2B 0.52 0.44 0.60 0.44 0.54 0.57
StructMol 1B 0.59 0.52 0.64 0.53 0.60 0.60

Table 4: Results of molecule captioning task on the
ChEBI-20 test set. Bold indicates the best performance.

associations with underlying molecular structures. 462

In molecular property classification tasks, 463

StructMol outperforms existing molecule LLMs 464

on average, surpassing UniMoT by more than 465

1.5%p. Moreover, on the HIV and BACE bench- 466

marks, our model achieves higher performance 467

than specialist models that are pre-trained on large- 468

scale molecular datasets, indicating that explicit 469

behavior-level supervision can help narrow the gap 470

between specialist and generalist models.7 471

4.4 Molecule Captioning 472

Table 4 presents the results of the molecule cap- 473

tioning task on the ChEBI-20 test set. During fine- 474

tuning, we additionally incorporated molecule–text 475

pairs from the pre-training stage, adopting the fil- 476

tering protocol of Edwards et al. (2021) to restrict 477

captions to a maximum of 20 words. We compare 478

StructMol with both specialist models and LLM- 479

based generalist models using standard captioning 480

metrics. 481

Among generalist models, StructMol consis- 482

tently outperforms prior baselines, despite using 483

only 1D molecular representations. In addition, 484

while specialist models still have higher perfor- 485

mance, StructMol can successfully narrow the gap 486

between the two approaches. This indicates that ex- 487

plicitly learning the detailed structure-description 488

relationships is more important than merely scaling 489

model size or incorporating additional modalities 490

for molecular understanding. 491

4.5 Ablation Study 492

To analyze the impact of the components from 493

StructMol on fine-grained molecular understand- 494

ing, we conduct an ablation study focusing on 495

dual-view molecule alignment and tuning on 496

7Further details on the differences between specialist and
generalist models are provided in Appendix D.
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Method Exact↑ BLEU↑ Levenshtein↓ RDK FTS↑ MACCS FTS↑ Morgan FTS↑ Validity↑

Forward Reaction Prediction
Llama-3.2-1B-Instruct 0.723 0.982 6.095 0.879 0.938 0.860 1.000
+ Dual-view Molecule Alignment 0.739 0.983 5.864 0.887 0.939 0.865 1.000
+ SubMol-Instructions 0.893 0.989 1.492 0.964 0.981 0.959 1.000

Retrosynthesis
Llama-3.2-1B-Instruct 0.526 0.955 10.403 0.831 0.892 0.792 1.000
+ Dual-view Molecule Alignment 0.559 0.959 9.280 0.852 0.909 0.817 1.000
+ SubMol-Instructions 0.639 0.964 6.546 0.897 0.932 0.869 1.000

Table 5: Ablation study of StructMol on Forward Reaction Prediction and Retrosynthesis test set.

SubMol-Instructions. Table 5 reports the re-497

sults of sequentially adding each component to498

the Llama-3.2-1B-Instruct backbone on Forward499

Reaction Prediction and Retrosynthesis. Introduc-500

ing dual-view molecule alignment yields consistent501

but modest improvements across both tasks, with502

an average gain of 2.7%. This suggests that align-503

ing complementary 1D molecular representations504

helps stabilize molecular understanding and pro-505

vides a better foundation for downstream learning,506

as further analyzed in Appendix C.507

Most importantly, incorporating our newly pro-508

posed dataset leads to substantial performance im-509

provements, with an average gain of 14.9% over the510

previous setting. This indicates that explicitly learn-511

ing substructure-level functional behaviors plays a512

dominant role in enhancing fine-grained molecu-513

lar understanding, enabling the model to generate514

molecules that are more accurate at both the string515

and structural levels.516

4.6 Visualization of The Embedding Space517

To examine whether StructMol encodes fine-518

grained structure–property signals beyond surface-519

level patterns, we sample molecules from the QM9520

dataset and visualize their representations using521

t-SNE (Maaten and Hinton, 2008). We extract522

molecule representations from the model of §3.2.2523

without any fine-tuning on property prediction524

tasks, and color each molecule according to its525

property value.526

As shown in Figure 3, molecules sharing the527

same substructures tend to form distinct clusters.528

Notably, these clusters are not determined solely529

by structural similarity but also reflect variations530

in property values. For example, although the blue531

and red molecules in the figure share an identical532

substructure, they are assigned to different clus-533

ters. This suggests that the model captures property-534

sensitive variations within a shared scaffold by ac-535

0.2251

0.3017

0.1988

Figure 3: Visualization of StructMol embeddings for
molecules sampled from QM9 dataset (HOMO-LUMO
gap). Property values are represented using a color gra-
dient. Full image is provided in Figure 5.

counting for contextual substructure-level behav- 536

iors learned through SubMol-Instructions. Fur- 537

ther discussions are in Appendix F. 538

5 Conclusion 539

We have introduced SubMol-Instructions, a 540

substructure-aware instruction-tuning dataset pro- 541

viding explicit supervision on molecular substruc- 542

ture behaviors across diverse chemical tasks. Build- 543

ing on this dataset, we have proposed StructMol, 544

which leverages a dual-view strategy combining 545

SMILES and SELFIES to construct a coherent 546

global molecular representation while capturing 547

substructure-level cues. Across a range of molecu- 548

lar tasks, StructMol achieved consistent improve- 549

ments and outperformed strong baselines, despite 550

relying solely on 1D representations and a compact 551

model size. Overall, our results suggest that explic- 552

itly learning substructure behaviors is crucial for 553

enhancing fine-grained molecular understanding. 554
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Limitations555

We demonstrate that explicitly modeling the func-556

tional behaviors of substructures across diverse557

tasks can effectively improve the molecular under-558

standing of LLM. Nevertheless, several limitations559

remain.560

Limited relation coverage. Substructures can561

exhibit a wide range of functional behaviors be-562

yond the relations defined in this work. As an ini-563

tial attempt to explicitly model that information, we564

focus on a limited set of simple and interpretable565

relations, and show that even these coarse signals566

can substantially improve molecular understand-567

ing. We believe that extending this framework to568

incorporate richer and more fine-grained relational569

categories would further enhance a model’s chemi-570

cal reasoning ability.571

Limited scalability. Due to computational con-572

straints, our experiments are restricted to models573

at the scale of approximately 1B parameters. Prior574

work (Hu et al., 2025) has shown that larger models575

tend to exhibit stronger molecular understanding576

and achieve higher performance across tasks. Ex-577

ploring the scalability of our approach with larger578

backbone models, therefore, remains an important579

direction for future work.580
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Sara Szymkuć, Chetan Kumar Prasad, Bowen Jin, 651
Jiawei Han, Ying Diao, Ge Liu, Hao Peng, Bartosz A. 652
Grzybowski, Martin D. Burke, and Heng Ji. 2025. 653
mclm: A modular chemical language model that gen- 654
erates functional and makeable molecules. Preprint, 655
arXiv:2505.12565. 656

Carl Edwards, Tuan Lai, Kevin Ros, Garrett Honke, 657
Kyunghyun Cho, and Heng Ji. 2022. Translation 658

9

https://doi.org/10.18653/v1/D19-1371
https://doi.org/10.18653/v1/D19-1371
https://doi.org/10.18653/v1/D19-1371
https://aclanthology.org/2025.coling-main.25/
https://aclanthology.org/2025.coling-main.25/
https://aclanthology.org/2025.coling-main.25/
https://aclanthology.org/2025.coling-main.25/
https://aclanthology.org/2025.coling-main.25/
https://openreview.net/forum?id=wpbNczwAwV
https://openreview.net/forum?id=wpbNczwAwV
https://openreview.net/forum?id=wpbNczwAwV
https://doi.org/10.3115/v1/w14-3348
https://doi.org/10.3115/v1/w14-3348
https://doi.org/10.3115/v1/w14-3348
https://doi.org/10.3115/v1/w14-3348
https://doi.org/10.3115/v1/w14-3348
https://doi.org/10.1021/CI010132R
https://doi.org/10.1021/CI010132R
https://doi.org/10.1021/CI010132R
https://arxiv.org/abs/2505.12565
https://arxiv.org/abs/2505.12565
https://arxiv.org/abs/2505.12565
https://doi.org/10.18653/v1/2022.emnlp-main.26
https://doi.org/10.18653/v1/2022.emnlp-main.26


between molecules and natural language. In Pro-659
ceedings of the 2022 Conference on Empirical Meth-660
ods in Natural Language Processing, pages 375–413,661
Abu Dhabi, United Arab Emirates. Association for662
Computational Linguistics.663

Carl Edwards, ChengXiang Zhai, and Heng Ji. 2021.664
Text2mol: Cross-modal molecule retrieval with nat-665
ural language queries. In Proceedings of the 2021666
Conference on Empirical Methods in Natural Lan-667
guage Processing, pages 595–607.668

Yin Fang, Xiaozhuan Liang, Ningyu Zhang, Kangwei669
Liu, Rui Huang, Zhuo Chen, Xiaohui Fan, and Hua-670
jun Chen. 2023. Mol-instructions: A large-scale671
biomolecular instruction dataset for large language672
models. arXiv preprint arXiv:2306.08018.673

Shikun Feng, Lixin Yang, Yanwen Huang, Yuyan Ni,674
Weiying Ma, and Yanyan Lan. 2023. Unimap: uni-675
versal smiles-graph representation learning. arXiv676
preprint arXiv:2310.14216.677

Shuhan Guo, Yatao Bian, Ruibing Wang, Nan Yin, Zhen678
Wang, and Quanming Yao. 2025. Unified molecule-679
text language model with discrete token represen-680
tation. In Proceedings of the Thirty-Fourth Inter-681
national Joint Conference on Artificial Intelligence,682
pages 9205–9213.683

Chengxin Hu, Hao Li, Yihe Yuan, Zezheng Song,684
Chenyang Zhao, and Haixin Wang. 2025. Omni-mol:685
Multitask molecular model for any-to-any modalities.686
In The Thirty-ninth Annual Conference on Neural687
Information Processing Systems.688

Edward J Hu, yelong shen, Phillip Wallis, Zeyuan Allen-689
Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and Weizhu690
Chen. 2022. LoRA: Low-rank adaptation of large691
language models. In International Conference on692
Learning Representations.693

Dongki Kim, Wonbin Lee, and Sung Ju Hwang.694
2025. Mol-llama: Towards general understanding of695
molecules in large molecular language model. arXiv696
preprint arXiv:2502.13449.697

Sunghwan Kim, Jie Chen, Tiejun Cheng, Asta Gindu-698
lyte, Jia He, Siqian He, Qingliang Li, Benjamin A699
Shoemaker, Paul A Thiessen, Bo Yu, and 1 oth-700
ers. 2021. Pubchem in 2021: new data content and701
improved web interfaces. Nucleic acids research,702
49(D1):D1388–D1395.703

Mario Krenn, Florian Häse, AkshatKumar Nigam, Pas-704
cal Friederich, and Alan Aspuru-Guzik. 2020. Self-705
referencing embedded strings (selfies): A 100% ro-706
bust molecular string representation. Machine Learn-707
ing: Science and Technology, 1(4):045024.708

Tu Le, V Chandana Epa, Frank R Burden, and David A709
Winkler. 2012. Quantitative structure–property re-710
lationship modeling of diverse materials properties.711
Chemical reviews, 112(5):2889–2919.712

Miguelangel Leon, Yuriy Perezhohin, Fernando Peres, 713
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Appendix884

A Implementation Details885

Our backbone LLM is Llama-3.2-1B-Instruct886

(Dubey et al., 2024)8. For efficient training of887

StructMol, we employ LoRA (Hu et al., 2022)888

and explore various configurations to determine889

optimal hyperparameters. We use LoRA ranks of890

64 and 128. The learning rate is set to 1 × 10−4891

with a warmup proportion of 0.075. The max-892

imum sequence length is set to 1200 for both893

training and evaluation. We train the dual-view894

molecular alignment step (Step 1) for 3 epochs,895

the SubMol-Instructions phase (Step 2) for 6896

epochs, and fine-tune on each downstream task for897

10 epochs. For downstream tasks, we use a batch898

size of 64, and for all other phases, a batch size899

of 128. During training, the model is required to900

generate both SMILES and SELFIES representa-901

tions of the molecule simultaneously. All training902

is conducted using LLaMA-Factory (Zheng et al.,903

2024).904

B Further Details of Substructural905

Categories906

As introduced in Section 3.1, we define explicit907

relationships between molecular substructures and908

task-specific entities to operationalize substructural909

cues across different chemical tasks.910

For chemical reaction tasks, including forward911

reaction prediction and retrosynthesis, task enti-912

ties correspond to chemical equations and their913

associated products. Substructures are extracted914

from both reactants and products, and their roles915

are assigned based on occurrence patterns across916

the reaction. Substructures appearing in both sides917

are labeled as Preserved, those appearing only in918

the reactants are labeled as Consumed, and those919

appearing only in the products are labeled as Emer-920

gent. In this category, the tail entity is represented921

by the chemical equation.922

For molecule captioning and description-guided923

molecule generation, we construct relationships924

based on structural inclusion. Following prior925

work showing that simple inclusion-based sig-926

nals suffice for learning fine-grained local align-927

ment (Park et al., 2025), we extract substructures928

from molecules and chemical keyphrases from929

textual descriptions. We then establish both inter-930

modal inclusion relationships, such as substruc-931

8meta-llama/Llama-3.2-1B-Instruct

ture–description and keyphrase–molecule relations. 932

Chemical keyphrases are extracted using Chem- 933

DataExtractor. 934

For property prediction tasks, we explicitly 935

model structural factors that contribute to specific 936

molecular properties (Xiong et al., 2019). In this 937

setting, the tail entity corresponds to scalar property 938

values, including HOMO, LUMO, and the HOMO- 939

LUMO gap, and substructures that contribute to 940

each property are labeled as Enrolled. 941

In addition, we establish intra-modal inclusion 942

relationships between each molecule and its ex- 943

tracted substructures, explicitly capturing substruc- 944

ture–molecule associations. 945

Relation Type # QA Pairs # Substructures

Included (intra-modal) 912,011 223,332
Included (inter-modal) 204,570 160,398
Consumed 243,298 17,119
Preserved 234,247 19,794
Emergent 210,472 18,713
Enrolled 6,432 71,170

Total 1,810,030 510,526

Table 6: Distribution of QA pairs and substructures de-
rived from BRICS decomposition in our dataset.

C Impact of Dual-view Molecular 946

Alignment 947

To evaluate the effectiveness of our dual-view 948

molecular alignment, we measure model perfor- 949

mance after the alignment stage, before any instruc- 950

tion tuning or downstream finetuning. We conduct 951

this analysis using the Llama-3.2-1B-Instruct back- 952

bone and train it on two tasks where structural 953

understanding is most critical: forward reaction 954

prediction and retrosynthesis. As shown in Table 7, 955

incorporating both SMILES and SELFIES during 956

alignment consistently improves exact-match accu- 957

racy, BLEU, Levenshtein distance, and fragment- 958

level similarity metrics (RDK, MACCS, Morgan). 959

These results indicate that dual-view alignment en- 960

ables the model to internalize more faithful struc- 961

tural cues, resulting in generated molecules that 962

more closely match the ground-truth structures. 963

D Specialist & Generalist 964

A central challenge in molecular modeling lies in 965

balancing the broad applicability of LLM-Based 966

Generalist Models with the high precision of Spe- 967

cialist Models. While specialist architectures ex- 968

cel in specific tasks due to intensive pre-training, 969
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Method Exact↑ BLEU↑ Levenshtein↓ RDK FTS↑ MACCS FTS↑ Morgan FTS↑ Validity↑

Forward Reaction Prediction
SELFIES-Caption 0.674 0.979 7.771 0.853 0.921 0.827 1.000
SMILES-SELFIES-Caption 0.739 0.983 5.864 0.887 0.939 0.865 1.000

Retrosynthesis
SELFIES-Caption 0.516 0.956 10.819 0.831 0.895 0.792 1.000
SMILES-SELFIES-Caption 0.559 0.959 9.280 0.852 0.909 0.817 1.000

Table 7: Analysis results of our dual-view approach on Forward Reaction Prediction and Retrosynthesis test set.

generalist models provide a unified framework970

for diverse applications (Shi et al., 2023). Follow-971

ing established protocols (Cao et al., 2025; Chen972

et al., 2025; Yang et al., 2025), we benchmark973

both categories to contextualize StructMol’s per-974

formance. Our results demonstrate that StructMol975

successfully defies the conventional trade-off: it976

consistently surpasses LLM-based generalists and977

achieves parity with highly optimized specialist978

baselines.979

E Analysis on Filtered Triples980

To assess the effectiveness of our graph embed-981

ding–based noisy sample filtering method, we ana-982

lyze the triples removed during preprocessing. We983

first train the backbone aligned model for 10 epochs984

using only the filtered triples, and then fine-tune it985

on forward reaction prediction and retrosynthesis986

tasks. As shown in Table 8, the model trained solely987

on the filtered samples collapses and yields substan-988

tially degraded performance. In contrast, when we989

randomly sample the same number of triples from990

the remaining data and train the model under iden-991

tical settings, the backbone performance improves.992

This result suggests that the filtered triples indeed993

contain harmful noise that hinders molecular un-994

derstanding.995

To further characterize which samples are re-996

moved, we conduct a qualitative analysis and997

present representative examples in Figure 4. We998

find that a large portion of the filtered triples arise999

from erroneous relations caused by incorrect sub-1000

structure decomposition by RDKit, consistent with1001

issues reported in prior work (Park et al., 2025).1002

Notably, inclusion and enrolled relations are most1003

frequently removed. As illustrated in examples (1)1004

and (2), some triples appear to express valid inclu-1005

sion relations at a superficial level, as the fragment1006

seems to describe part of the molecule. However,1007

closer inspection reveals that these cases corre-1008

spond to semantic correspondence or functional1009

effect relations rather than true structural inclusion. 1010

Such spurious relations are therefore identified as 1011

noisy and filtered out by our method. Overall, these 1012

observations confirm that our filtering strategy ef- 1013

fectively removes erroneous supervision, leading 1014

to higher-quality training triples. 1015

F Further Discussions on Visualization 1016

For the visualization, we analyze the molecular em- 1017

beddings learned by StructMol using the QM9 1018

dataset (HOMO-LUMO gap) curated from Mol- 1019

Instructions (Fang et al., 2023). Molecules are di- 1020

vided into five groups based on the distribution of 1021

property values, and 10,000 molecules are sam- 1022

pled from each group. We extract molecular repre- 1023

sentations from StructMol without fine-tuning on 1024

property prediction tasks and visualize them using 1025

t-SNE. Each molecule is colored according to its 1026

property value. 1027

As shown in Figure 5, the embedding space ex- 1028

hibits clustering patterns. Several clusters corre- 1029

spond to recurring structural motifs and are asso- 1030

ciated with similar ranges of property values. For 1031

instance, region (A) mainly consists of molecules 1032

with a shared heterocyclic motif and relatively 1033

low values around 0.16, while region (B) con- 1034

tains molecules sharing a cyclopropane substruc- 1035

ture with higher values above 0.3. 1036

We also observe cases where molecules with sim- 1037

ilar scaffolds are separated into distinct clusters due 1038

to differences in their property values. In region (C), 1039

molecules sharing a bridged bicyclic structure are 1040

split into multiple clusters, indicating that the repre- 1041

sentation space is not organized solely by structural 1042

similarity. Overall, the visualization suggests that 1043

StructMol representations reflect both substruc- 1044

tural patterns and property-dependent variations. 1045
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Method Exact↑ BLEU↑ Levenshtein↓ RDK FTS↑ MACCS FTS↑ Morgan FTS↑ Validity↑

Forward Reaction Prediction
Llama-3.2-1B-Instruct 0.723 0.982 6.095 0.879 0.938 0.860 1.000
w/ Filtered Samples 0.024 0.776 26.906 0.364 0.570 0.309 1.000
w/ Remain Samples 0.846 2.545 2.545 0.947 0.971 0.936 1.000

Retrosynthesis
Llama-3.2-1B-Instruct 0.526 0.955 10.403 0.831 0.892 0.792 1.000
w/ Filtered Samples 0.000 0.810 29.579 0.376 0.539 0.322 1.000
w/ Remain Samples 0.576 0.959 7.935 0.878 0.918 0.845 1.000

Table 8: Analysis of our filtering method on Forward Reaction Prediction and Retrosynthesis tasks.

Head Relation Tail

1

Included (Inter-modal)
(Reason: The tail may affects
aminoacyl-tRNA synthetases, 
instead of being structurally 

included in the tail.)

Aminoacyl

CC(=O)NC[C@H]1CN(c2ccc(OCC3(OP(=O)(O)O)CCN(c4cc
5c(cc4F)c(=O)c(C(=O)O)cn5C4CC4)CC3)c(F)c2)C(=O)O1

2

Included (Inter-modal)
(Reason: The tail corresponds to 
the head, rather than to a head 

included in the tail.

N-acyl-L-alpha-amino acid

CCCCC[C@@H](/C=C/C=C\C/C=C\C/C=C\CCCC(=O)N[C
@@H](C)C(=O)[O-])OO

Figure 4: Examples of filtered chemical knowledge triples during the generation of SubMol-Instructions.

Relation Category Instruction Template

Included
(intra-modal)

Decompose the molecule into fragments.\n{tail}
Assemble the original molecule from these fragments.\n{head}

Included
(inter-modal)

Generate cross-modal fragments that are included within the following molecule or descrip-
tion.\n{tail}

Preserved Generate fragments that would likely be preserved during the transformation of the following
reaction.\n{tail}

Consumed Generate fragments that would likely be consumed in the following reaction.\n{tail}

Emergent Generate fragments that could newly emerge as a result of the following reaction.\n{tail}

Enrolled
(HOMO)

Generate fragments that are enrolled in determining the following HOMO energy
value.\n{tail}

Enrolled
(LUMO) Generate fragments that affect the following LUMO energy value.\n{tail}

Enrolled
(HOMO-LUMO Gap) Generate fragments that influence the following HOMO-LUMO gap value.\n{tail}

Table 9: Examples of instruction templates.
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Figure 5: t-SNE visualization of StructMol embeddings.
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