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Abstract001

While large language models (LLMs) excel002
at static scientific reasoning, they struggle to003
model the temporal structure of dynamic physi-004
cal processes. We present EvoMD-LLM (Evo-005
lutionary Molecular Dynamics Large Language006
Model), a framework that reformulates species-007
level molecular dynamics as a symbolic tempo-008
ral language modeling problem. Reactive MD009
trajectories are discretized into sequences of010
molecular events, where each token represents011
a chemical species augmented with its persis-012
tence duration, enabling standard autoregres-013
sive LLMs to learn compositional evolution014
over time through efficient fine-tuning. A key015
component of EvoMD-LLM is temporal scaf-016
folding, which treats event duration as an ex-017
plicit linguistic token and serves as a structured018
inductive bias, significantly reducing invalid019
or hallucinated molecular outputs compared to020
conventional sequence modeling approaches.021
We evaluate EvoMD-LLM on multiple tempo-022
ral prediction tasks, achieving up to 68.66%023
accuracy and consistently outperforming se-024
quential neural networks and language-based025
baselines. Beyond quantitative improvements,026
we qualitatively observe that the model is ca-027
pable of generating interpretations for its own028
predictions by incorporating relevant chemical029
knowledge, even though it was not explicitly030
supervised with paired trajectory-explanation031
data. These results demonstrate that symbolic032
temporal language modeling provides an ef-033
fective framework for grounding LLMs in dy-034
namic physical simulations.035

1 Introduction036

The convergence of large language models (LLMs)037

and molecular representations has emerged as a038

promising direction in AI for Science. Recent039

paradigms have successfully aligned static molecu-040

lar encodings, such as SMILES strings (Cavanagh041

et al., 2024), with natural language, enabling LLMs042

to support tasks ranging from molecular property043

Figure 1: Conceptual overview of EvoMD-LLM. The
framework interprets MD trajectories as structured se-
quences (Nodes: species; Edges: transformations) to
reconstruct reaction pathways via four predictive tasks.

prediction (Chithrananda et al., 2020) to retrieval- 044

augmented chemical reasoning (Chen et al., 2025). 045

However, most existing approaches operate on 046

static molecular representations or rely on external 047

tools for reasoning (Boiko et al., 2023). This lim- 048

its their applicability to physical systems, which 049

evolve over time through sequences of creation, 050

persistence, and transformation events. As a re- 051

sult, enabling LLMs to model temporal physical 052

processes remains a fundamental challenge in AI 053

for Science (Wigh et al., 2022). Molecular dynam- 054

ics (MD) simulations provide a natural description 055

of temporal physical evolution by recording time- 056

resolved atomic motions (Alder and Wainwright, 057

1957). Yet, raw MD trajectories consist of high- 058

frequency continuous coordinates that are incom- 059

patible with the discrete, symbolic token space of 060

language models. Emerging time-series foundation 061

models (Ansari et al., 2024) remain inapplicable 062

to this challenge, as their numerical quantization 063

schemes destroy the compositional semantics and 064

discrete identity intrinsic to chemical species. Di- 065

rectly aligning MD simulations with LLMs there- 066

fore presents a key abstraction challenge: how to 067

represent continuous molecular evolution as sym- 068

bolic sequences amenable to language modeling. 069

Existing learning-based approaches to MD trajec- 070

1



tories largely focus on structural dynamics in non-071

reactive or weakly reactive systems, such as protein072

folding (Tsai et al., 2020; Bera and Mondal, 2025;073

Murtada et al., 2024; Hussein Murtada et al., 2025),074

and are ill-suited for reactive processes character-075

ized by discrete changes in chemical species.076

To address this gap, we introduce EvoMD-077

LLM (Evolutionary Molecular Dynamics Large078

Language Model), a framework that reformulates079

species-level molecular dynamics as a constrained080

generative language task. We propose a modality081

alignment scheme that translates continuous trajec-082

tories into discrete tokens, where duration serves083

as an explicit semantic modifier for each chemi-084

cal species. This representation enables standard085

autoregressive LLMs to internalize the "grammar"086

of chemical evolution directly through fine-tuning,087

eliminating the need for external simulators or spe-088

cialized architectures.089

A key component of EvoMD-LLM is temporal090

scaffolding, which explicitly encodes event dura-091

tion as a linguistic token. By treating persistence092

as a semantic attribute, temporal scaffolding pro-093

vides a structured inductive bias that encourages094

the model to distinguish between long-lived sta-095

ble states and short-lived transient intermediates.096

Empirical ablation studies show that this design097

significantly improves prediction accuracy and re-098

duces invalid or hallucinated molecular outputs.099

We evaluate EvoMD-LLM on a comprehensive100

suite of temporal prediction tasks, as illustrated in101

Figure 1. Beyond quantitative metrics, we remark-102

ably observe that the model exhibits emergent ex-103

planatory behaviors: despite lacking explicit super-104

vision, it spontaneously produces plausible phys-105

ical rationales for kinetic stability. These results106

demonstrate that symbolic temporal language mod-107

eling serves as an effective framework for learning108

species-level dynamics. Our main contributions are109

summarized as follows:110

• EvoMD-LLM Framework: We propose111

a language modeling framework that refor-112

mulates species-level molecular dynamics113

as symbolic event sequences, enabling stan-114

dard autoregressive large language models to115

model temporal evolution in reactive systems.116

• Temporal Scaffolding via Duration Tokens:117

We introduce temporal scaffolding by explic-118

itly encoding event persistence as linguistic119

tokens. This structured inductive bias signif-120

icantly improves prediction accuracy and re-121

duces invalid molecular outputs, as demon- 122

strated by extensive ablation studies. 123

• Unified Temporal Prediction Formulation: 124

We show that a single instruction-tuned lan- 125

guage model can flexibly support diverse tem- 126

poral prediction tasks, including forward fore- 127

casting and backward inference, without task- 128

specific architectures. 129

2 Methods 130

We propose EvoMD-LLM to treat molecular evo- 131

lution as a foreign language with its own grammar 132

of causality and persistence. As illustrated in Fig- 133

ure 2, our framework operates through a four-stage 134

pipeline: (1) Dynamic Modality Alignment; (2) 135

Structured Instruction Formatting; (3) Heteroge- 136

neous Task Integration; and (4) Model Training 137

and Inference. In this section, we detail the theoret- 138

ical formulation and key algorithmic components. 139

2.1 Problem Formulation 140

We enable LLMs to learn the dynamics of chemical 141

reactions by reformulating MD simulations as a 142

structured symbolic text generation problem. 143

A standard MD simulation produces a raw tra- 144

jectory Traw, recording atomic positions R and mo- 145

menta P at each time step τ : 146

Traw = {(R(τ),P(τ)) | 0 ≤ τ ≤ Ttotal}. (1) 147

While physically complete, such trajectories are 148

high-dimensional and dominated by thermal noise, 149

which obscures long-term reaction patterns. To ob- 150

tain a representation amenable to language model- 151

ing, we apply a transformation Φ that maps raw tra- 152

jectories to a discrete sequence of molecular states: 153

X = Φ(Traw) = {(mi,∆ti)}ni=1, (2) 154

where each state consists of a semantic unit mi 155

(molecular formula) and its temporal persistence 156

∆ti (duration). This abstraction suppresses high- 157

frequency atomic fluctuations while preserving 158

the causal sequence of chemical transformations. 159

Unlike standard text generation where tokens are 160

equidistant, chemical evolution is an irregularly 161

sampled time series. We treat this sequence directly 162

as natural language. This allows us to train the 163

model using standard autoregressive cross-entropy 164

loss, without requiring specialized regression archi- 165

tectures. 166
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Generative Modeling Objective. We formulate167

reaction modeling as conditional sequence genera-168

tion. Given a context sequence x and an instruction169

I, the model generates a target sequence y accord-170

ing to the factorization:171

P (y | x, I) =
|y|∏
j=1

P (yj | y<j ,x, I), (3)172

where y = ((m′
1,∆t′1), . . . , (m

′
L,∆t′L)). The in-173

struction I specifies the task (e.g., forward or back-174

ward prediction), enabling a unified formulation175

across different reaction reasoning scenarios.176

2.2 Dynamic Modality Alignment177

To bridge the gap between continuous physical178

simulations and discrete symbolic reasoning, we179

construct a Dynamic Modality Interface. This pro-180

cess translates raw MD trajectories into a structured181

"grammar" of reaction events, characterized by se-182

mantic identity and temporal persistence.183

From Continuous Trajectories to Discrete184

Events. Raw MD data consists of high-frequency185

atomic coordinates dominated by thermal noise.186

We adopt the ab initio bond-order determination187

method established by Dang et al. (2025) as the188

physical ground truth for identifying atomic con-189

nectivity. Building upon these snapshots, our190

framework projects the continuous evolution into a191

discrete event space by defining molecular formu-192

las as atomic semantic units. Unlike standard NLP193

approaches that tokenize chemical strings into sub-194

word units (e.g., SMILES characters), we treat each195

distinct molecular formula as an atomic semantic196

unit. This preserves the integrity of chemical iden-197

tity, allowing the LLM to reason over species-level198

transformations rather than character-level statis-199

tics.200

We define a valid Molecular Event E = (m,∆t)201

as a tuple comprising a molecular species m and its202

persistence duration ∆t. To distill chemically sig-203

nificant states from transient thermal fluctuations,204

we apply a temporal band-pass filter, retaining only205

events with durations ∆t ∈ [10, 500] ps. This op-206

eration effectively isolates stable reaction interme-207

diates from high-frequency noise. Details about208

the original dataset scale and filtering statistics are209

provided in Appendix A.210

Structured Context Construction. To enable211

autoregressive forecasting, the discrete event212

stream is segmented into structured input-output213

pairs using a sliding window approach. Each train- 214

ing example consists of a historical context window 215

(3–5 events) and a target future event. 216

A critical challenge in learning from physical 217

simulations is the long-tail distribution of molec- 218

ular events. Raw reaction data is often dominated 219

by a few highly stable species (e.g., reactants or 220

final products), while key intermediate transition 221

states appear infrequently. Training directly on 222

such imbalanced data would lead the LLM to de- 223

generate into a trivial identity mapping (predicting 224

the most frequent species). To mitigate this, we em- 225

ploy a stratified sampling strategy that balances the 226

dataset across both molecular types and temporal 227

regimes. This ensures that the model is exposed 228

to a diverse range of reaction pathways and learns 229

to differentiate between rapid intermediates and 230

stable products based on structural context rather 231

than mere occurrence frequency. 232

Detailed visualizations of the data evolution, 233

species distribution, and the effects of balancing 234

are presented in Appendix A (Figure 5). 235

2.3 Temporal Scaffolding 236

Standard Transformers, while adept at sequence 237

ordering, remain agnostic to variable time intervals. 238

To bridge this gap, EvoMD-LLM implements Ex- 239

plicit Temporal Tokenization by interleaving dura- 240

tion tokens ∆ti with species tokens. We reinterpret 241

this strategy as a neural implementation of Run- 242

Length Encoding (RLE). Since raw MD trajecto- 243

ries are dominated by high-frequency thermal fluc- 244

tuations (e.g., non-reactive vibrations), explicitly 245

tokenizing persistence performs semantic compres- 246

sion, effectively decoupling continuous physical 247

time from the logical reaction sequence. This al- 248

lows the LLM to skip redundant noise and reason 249

directly across chemically significant timescales. 250

Theoretically, this design aligns with proven 251

paradigms in variable-duration modalities, such as 252

note sustain in Music Transformers (Huang et al., 253

2018) and phoneme alignment in FastSpeech (Ren 254

et al., 2019). By treating duration as a semantic 255

attribute, this scaffolding introduces a strong in- 256

ductive bias: it forces the model to differentiate 257

between thermodynamically stable states (long ∆t) 258

and transient intermediates, thereby suppressing 259

"hallucinated" transitions that violate physical ki- 260

netic constraints. 261
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Figure 2: The overall framework of the model. Encompassing dynamic modality alignment, structured instruction
formatting, heterogeneous task integration and model training along with inference.

2.4 Structured Instruction Formatting262

To transform the interleaved event sequences263

into training samples, we employ a structured264

instruction-tuning paradigm. As illustrated in Fig-265

ure 2(b), we design a domain-specific template that266

enforces strict syntactic constraints on the genera-267

tive output.268

The construction consists of two components:269

1. System Context (Semantic Definition): We270

utilize the system prompt to define the model’s271

role as a "Scientific Simulator." Crucially, this272

prompt establishes the semantic mapping for273

our unified vocabulary, explicitly instructing274

the model that the output must alternate be-275

tween molecular formulas (representing state276

identity) and time tokens (representing kinetic277

stability).278

2. Task Instruction (Historical Constraints):279

The user prompt encapsulates the historical280

context window x = H<t. Unlike open-281

ended chat, we inject structural constraints282

into the instruction, limiting the generation283

search space to valid physical transitions.284

By wrapping the raw sequences in this rigorous285

format, we align the stochastic nature of physical 286

dynamics with the deterministic syntax required 287

for language modeling. 288

2.5 Heterogeneous Task Integration 289

To synergize domain-specific dynamic modeling 290

with general scientific reasoning, we construct a 291

heterogeneous instruction dataset comprising two 292

distinct streams as shown in Figure 2(c). 293

Structured Forecasting Stream. We curate pre- 294

diction tasks covering 1-step, 2-step, and backward 295

trajectory forecasting. Crucially, we restrict the 296

training horizon to short-term contexts (maximum 297

2 steps). By mastering local transition rules, the 298

model is forced to acquire temporal inductive rea- 299

soning capabilities, enabling it to generalize to 300

long-horizon (N -step) planning during inference 301

without explicit supervision on long sequences. 302

Linguistic Regularization Stream. While struc- 303

tured forecasting teaches the model the ’syntax’ of 304

reaction rules, it risks reducing chemical formu- 305

las to arbitrary symbols. To prevent catastrophic 306

forgetting of general capabilities and provide se- 307

mantic anchoring for chemical tokens, we inter- 308
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leave synthetic Chemistry Q&A pairs. This stream309

serves as a semantic anchor, forcing the model to310

ground the symbolic molecular tokens in its pre-311

trained scientific knowledge base. This ensures that312

EvoMD-LLM evolves into a dual-capable agent:313

structurally grounded in specific physical dynamics314

while linguistically aligned with general chemical315

principles.316

2.6 Model Training and Inference317

As illustrated in Figure 2(d), we employ a super-318

vised fine-tuning (SFT) framework (Ouyang et al.,319

2022; Taori et al., 2023; Daniel Han and team,320

2023; Touvron et al., 2023), aligning the model321

to predict target molecular events directly from322

structured input sequences. SFT enables EvoMD-323

LLM to internalize domain-specific transition rules324

into its parameters. The training process is explic-325

itly designed to balance structural precision with326

linguistic generalization.327

Input Representation and Architecture We uti-328

lize the Llama 3.1 8B (Meta AI Team, 2024) back-329

bone without architectural modifications. Formu-330

las are tokenized using the standard Byte-Pair En-331

coding (BPE) (Sennrich et al., 2016) vocabulary.332

This formatting encourages the model to process333

chemical formulas as semantic units, leveraging334

pretrained linguistic priors to model statistical reg-335

ularities in molecular evolution.336

Parameter-Efficient Optimization To align the337

model with reaction dynamics while preserving338

general scientific reasoning, we employ Low-Rank339

Adaptation (LoRA) (Hu et al., 2022). By inject-340

ing trainable low-rank matrices into the attention341

and feed-forward layers while freezing pretrained342

weights, we achieve two strategic objectives: (1)343

prevention of catastrophic forgetting, ensuring the344

retention of the base model’s linguistic priors es-345

sential for the QA component; and (2) training346

efficiency, which allows for rapid convergence on347

consumer-grade hardware by focusing capacity ex-348

clusively on modeling temporal chemical patterns.349

Optimization Strategy To enable dual compe-350

tence in structured forecasting and general reason-351

ing, we employ a multi-task sampling strategy:352

structured prediction datasets and chemistry Q&A353

instructions (Section 2.5) are interleaved during354

training. The final loss is computed as the stan-355

dard autoregressive cross-entropy over the target356

tokens of both tasks, ensuring the model simultane-357

ously optimizes for domain-specific dynamics and 358

linguistic fluency. 359

3 Experiments 360

We evaluate EvoMD-LLM on a range of temporal 361

prediction tasks derived from molecular dynamics 362

trajectories to assess its ability to model symbolic 363

chemical evolution. 364

3.1 Tasks and Evaluation Protocol 365

To rigorously assess symbolic dynamic modeling, 366

we utilize the Mo-S reactive system as a testbed. 367

This system serves as a challenging benchmark due 368

to its intrinsic stochasticity and the coexistence of 369

competing reaction pathways (e.g., simultaneous 370

growth and etching), demanding reasoning capa- 371

bilities beyond simple pattern matching. This sec- 372

tion evaluates whether EvoMD-LLM effectively 373

addresses the proposed symbolic–temporal abstrac- 374

tion gap in modeling dynamic chemical systems. 375

Specifically, we evaluate EvoMD-LLM on four 376

temporal prediction tasks: 1-step prediction for 377

short-range consistency, N-step prediction for itera- 378

tive long-horizon forecasting, backward prediction 379

for bidirectional reasoning of precursor states, and 380

Potential-k prediction to capture the stochastic na- 381

ture of chemical evolution (Coley et al., 2019). 382

Performance is quantified using complementary 383

metrics. Prediction accuracy and potential-k ac- 384

curacy track the presence of ground-truth states 385

within the 1 and k predictions, respectively. These 386

serve as proxies for logical consistency, assessing 387

whether the model captures the valid causal logic of 388

chemical evolution. Conversely, missing rate calcu- 389

lates the proportion of generated outputs that fail to 390

parse as valid molecular formulas, thereby measur- 391

ing the model’s Syntactic Validity and adherence to 392

the chemical grammar. These metrics jointly assess 393

the model’s ability to navigate branching chemical 394

reaction pathways while maintaining both struc- 395

tural integrity and instructional adherence. 396

3.2 Experimental Setup 397

Baseline Methods To evaluate the effectiveness 398

of EvoMD-LLM, we compare it with four represen- 399

tative categories of baselines for temporal knowl- 400

edge integration: 401

• In-context learning (ICL) (Dong et al., 2024; 402

Luo et al., 2025): We assess standard prompt- 403

ing capabilities including zero-shot (ZS) (k = 404

0) and few-shot (FS) (k = 3) (Brown et al., 405
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2020). To probe scalability, we also imple-406

ment many-shot (1,000 examples) (Agarwal407

et al., 2024) and full-Context (∼7,000 exam-408

ples) to test the upper bound of long-context409

reasoning.410

• Retrieval-Augmented generation (RAG)411

(Lewis et al., 2020; Zhong et al., 2025): A412

dynamic memory baseline where a retriever413

selects the k most similar historical sub-414

sequences from the training set to provide415

input-dependent context.416

• Sequential baselines (Numerical Modality):417

To assess the necessity of symbolic abstrac-418

tion over raw numerical fitting, we consider419

two representative neural baselines that op-420

erate on numerical composition vectors (en-421

coding atomic counts) rather than semantic422

tokens. Baselines include an LSTM (Hochre-423

iter and Schmidhuber, 1997) and a custom424

encoder-only Transformer (Vaswani et al.,425

2017), which map trajectories to latent vectors426

for direct numerical regression.427

Implementation Details Our final instruction-428

tuning dataset comprises over 20,000 samples,429

combining 7,015 stratified trajectory sequences430

with auxiliary scientific Q&A data. Among these431

samples, the generated RMD symbolic dataset432

is split into training and test sets at a 9:1 ra-433

tio. EvoMD-LLM is initialized with Llama 3.1434

8B. We employ LoRA for parameter-efficient fine-435

tuning, optimizing approximately 42 M parameters436

(r = 16, α = 16). The model is trained for 2437

epochs using the AdamW optimizer (Loshchilov438

and Hutter, 2019) with a global batch size of 8 and a439

peak learning rate of 2e-4. We utilize a linear learn-440

ing rate scheduler and mixed-precision (bfloat16)441

with a maximum sequence length of 2048. All442

experiments are conducted on a single consumer-443

grade GPU (NVIDIA RTX 4090D) to demonstrate444

accessibility.445

3.3 Overall Performance Comparison446

As shown in Table 1, EvoMD-LLM significantly447

outperforms all baselines, achieving 68.66% ac-448

curacy and a 0% missing rate. In comparison,449

the RAG baseline achieves only 36.61% accuracy,450

while zero-shot prompting suffers from a high451

missing rate (29.49%). Notably, simply extend-452

ing the context window (Content-1000/All) yields453

marginal gains over few-shot prompting, with ac- 454

curacy plateauing around 18%. This saturation 455

suggests that naive long-context prompting fails 456

to effectively capture complex temporal dependen- 457

cies. Conversely, our SFT approach enables the 458

model to learn structured temporal correlations di- 459

rectly, leading to superior predictive accuracy and 460

stability. 461

Figure 3(a) presents the confusion matrix of 462

molecular species predicted by the EvoMD-LLM. 463

The strong diagonal dominance indicates robust 464

discriminative capability, with only minor confu- 465

sion among chemically similar or temporally ad- 466

jacent species. This highlights the model’s ability 467

to capture fine-grained symbolic and temporal dis- 468

tinctions within the molecular event space. 469

3.4 Multi-step, Backward and Potential-k 470

Prediction Analysis 471

We further evaluate EvoMD-LLM on N-step, back- 472

ward, and potential-k prediction tasks to assess its 473

ability to model long-range temporal dependencies 474

and stochastic reaction dynamics. 475

As shown in Figure 3(b), accuracy decreases 476

monotonically as the prediction horizon in- 477

creases.While the average accuracy over the 3- 478

step horizon remains high at 50.09% (Table 2), 479

the point-wise accuracy for the final step drops 480

to 37.74%. This trend reflects error accumulation 481

in autoregressive forecasting, while the remaining 482

performance indicates that fine-tuning improves 483

temporal consistency over multiple steps. 484

Figure 3(c) shows that EvoMD-LLM substan- 485

tially outperforms the LLaMA 3.1 base model 486

in both potential-k and backward prediction. 487

Potential-1 accuracy increases from 13.96% to 488

68.66%, and potential-3 accuracy reaches 77.1%, 489

with a smaller gap between the two metrics, indi- 490

cating more stable candidate ranking. In addition, 491

EvoMD-LLM achieves 57.12% accuracy in back- 492

ward prediction, demonstrating its ability to infer 493

plausible precursors from downstream states. 494

3.5 Comparison with Sequential Baseline 495

Table 2 compares EvoMD-LLM with an LSTM and 496

an encoder-only model. For the 1-step prediction 497

task, EvoMD-LLM achieves the highest accuracy 498

at 68.66%, outperforming both LSTM (40.74%) 499

and the encoder-only baseline (65.95%). 500

As the prediction horizon increases, all methods 501

exhibit performance degradation. EvoMD-LLM 502

consistently maintains higher accuracy in the 2-step 503
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Figure 3: Experimental results. (a) Confusion matrix showing discriminative capability. (b) Accuracy decay over
N-step forecasting horizons. (c) Performance comparison against the LLaMA 3.1 base model across three tasks.

Methods Accuracy ↑ Missing Rate ↓

Zero-shot 13.96 29.49
Few-shot 17.02 5.63
Content-1000 17.28 1.05
Content-All 18.39 0.07
RAG (k = 5) 36.61 1.28
EvoMD-LLM 68.66 0.00

Table 1: Comparison of 1-step accuracy and missing
rate between EvoMD-LLM and various LLM-based
methods.

Model 1-step 2-step 3-step Backward
LSTM 40.74 32.77 30.23 30.20
Encoder-only 65.95 51.71 36.84 52.71
EvoMD-LLM 68.66 55.06 50.09 57.12

Table 2: Performance comparison on molecular fore-
casting tasks. Reported values for N-step tasks represent
the average accuracy over the entire prediction horizon
(1 to N). Best results are bolded.

and 3-step settings, with particularly clear gains in504

the 3-step task. In the backward prediction task,505

EvoMD-LLM again outperforms both baselines.506

Overall, these results indicate that EvoMD-LLM507

provides more robust temporal modeling across508

different prediction settings.509

3.6 Ablation Studies and Analysis510

3.6.1 Impact of Temporal Scaffolding511

As detailed in Table 3, excising the duration targets512

leads to a consistent performance degradation. The513

1-step prediction accuracy declines from 68.66%514

to 55.70%, with a comparable drop in backward515

reasoning. These results empirically validate that516

temporal supervision is not merely an auxiliary517

task but a necessary constraint for correct chemical518

reasoning.519

Model Variant 1-Step Backward
w/o Temporal 55.70 49.15
w/o Q&A 65.53 55.98
EvoMD-LLM (Full) 68.66 57.12

Table 3: Ablation study. The significant drop in w/o
Temporal validates the necessity of kinetic scaffolding,
while excluding Q&A (w/o Q&A) has a relatively minor
impact on domain-specific forecasting.

3.6.2 Impact of Multi-Task Instruction 520

Tuning 521

A key design goal of EvoMD-LLM is to improve 522

structured molecular forecasting without degrading 523

general scientific language capabilities. To assess 524

this, we evaluate an ablated variant trained without 525

the chemistry Q&A dataset (w/o Q&A). 526

We adopt both qualitative and quantitative evalu- 527

ations. For qualitative assessment, we use Qwen3 528

(Yang et al., 2025) as an automated evaluator to 529

score model responses across multiple scientific ca- 530

pability and quality dimensions. In addition, we re- 531

port performance on the AI2 Reasoning Challenge 532

(ARC) benchmark (Clark et al., 2018) to measure 533

standardized scientific reasoning, containing a total 534

of 3548 test samples. 535

As shown in Figure 4(a–b), removing Q&A su- 536

pervision leads to consistent degradation across 537

all evaluated dimensions, with the largest drops 538

observed in mechanism reasoning and question an- 539

swering. The ablated model also exhibits reduced 540

coherence and fluency, suggesting that natural lan- 541

guage supervision contributes to stable scientific 542

expression. 543

Figure 4(c) further shows that EvoMD-LLM 544

maintains strong performance on both ARC-e and 545

ARC-c, comparable to the base LLaMA 3.1 model, 546

while the w/o Q&A variant performs noticeably 547

worse. These results indicate that the Q&A dataset 548
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Figure 4: Evaluation of general language understanding. (a–b) present scores from an automated evaluation using
Qwen3 as a judge. (a) displays performance across five distinct capability dimensions, while (b) assesses four key
criteria for output quality. The shaded areas in the radar charts represent the standard deviation across the evaluation
questions. (c) shows the accuracy of the models on the ARC-c (Challenge) and ARC-e (Easy) benchmark datasets.

Input History Sequence Prediction Generated Reasoning
Case 1: Trend Following (Oxygen → Sulfur Exchange)
(MoO,98); (MoOS2,3);
(MoS,182)

Mol: MoS3

Time: 106 ps
The transition from MoS to MoS3 is driven by surface diffusion and adsorp-
tion of additional MoS units. The predicted duration suggests the formation of
a stable three-dimensional structure favored by thermodynamics.

Case 2: Stability Detection (Distinguishing Stable vs. Transient)
(MoO2,2); (MoO,29);
(MoOS2,26)

Mol: MoS
Time: 277 ps

The transition is driven by the decomposition of MoOS2 due to high tempera-
tures. The predicted duration (277 ps) suggests that MoS is relatively stable,
forming a metastable trap at these conditions.

Case 3: Structure Building (Increasing Complexity)
(MoOS2,43);
(MoOS4,6);
(MoS3,7)

Mol: MoS5

Time: 365 ps
The transition involves the addition of two sulfur atoms through a series of
elementary reactions. This process reflects the increasing preference for higher-
order coordination structures in Mo-S systems.

Table 4: Qualitative examples of reasoning generated by EvoMD-LLM. The selected cases demonstrate the
model’s ability to track linear evolutionary pathways without oscillation.Highlights indicate the textual description
of reaction mechanisms (Red) and stability/metastability (Blue) aligned with temporal cues.

plays an important role in preserving general scien-549

tific reasoning during domain-specific fine-tuning.550

3.7 Qualitative Analysis551

Quantitative metrics summarize predictive accu-552

racy but provide limited insight into model behav-553

ior. We therefore present a qualitative analysis to554

examine the how EvoMD-LLM explains its pre-555

dictions without explicit supervision on reaction556

mechanisms. This analysis focuses on the align-557

ment of learned sequence patterns with semantic558

explanations, rather than on validating ab initio559

physical correctness.560

Table 4 demonstrates the model’s context aware-561

ness. For instance, it correctly links early-stage562

sulfidation to surface diffusion (Case 1) while iden-563

tifying high-temperature decomposition in interme-564

diate phases (Case 2). Furthermore, it utilizes the565

duration token as a semantic pivot to differentiate566

between kinetically stable products and metastable567

traps, as evidenced by the distinct duration predic-568

tions. Additional qualitative examples, including569

typical failure modes, are provided in Appendix G. 570

4 Conclusion 571

In this work, we introduce EvoMD-LLM, a frame- 572

work that re-frames molecular dynamics as a sym- 573

bolic language modeling problem, thereby inter- 574

nalizing the "grammar" of chemical evolution into 575

LLMs. By aligning continuous physical trajecto- 576

ries with discrete semantic tokens through an Tem- 577

poral Scaffolding strategy, we enable the model to 578

treat temporal persistence as a semantic component. 579

We demonstrate that this design introduces a robust 580

inductive bias toward temporally consistent genera- 581

tion, leading to improved forecasting accuracy and 582

a substantial reduction in invalid molecular states. 583

More broadly, EvoMD-LLM highlights the poten- 584

tial of language-based models as general-purpose 585

sequence learners for scientific simulations, sug- 586

gesting a promising direction for bridging linguistic 587

abstraction with time-resolved molecular dynamics 588

in AI-driven materials discovery. 589
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Limitations590

While EvoMD-LLM demonstrates promising capa-591

bilities in modeling symbolic chemical evolution,592

several limitations remain to be addressed in future593

work:594

Generalization to Unseen Chemical Spaces.595

Our evaluation focuses on the Mo-S CVD sys-596

tem. We selected this system not merely for data597

availability, but as a representative "complex proto-598

type" of inorganic synthesis: it features high-degree599

stochastic branching, reversibility, and multi-phase600

transitions (nucleation, etching, growth), which601

are often absent in linear organic reaction datasets.602

However, extending this framework to diverse603

chemical spaces, including heterogeneous biologi-604

cal systems, remains an open challenge for future605

scaling.606

Autoregressive Error Accumulation. As ob-607

served in N-step prediction tasks, the model suf-608

fers from error accumulation typical of autoregres-609

sive generation, leading to performance degrada-610

tion over long horizons. Unlike numerical solvers611

that strictly enforce conservation laws, the current612

probabilistic generation may occasionally drift into613

physically invalid states. Integrating physical con-614

straints (e.g., mass conservation or energy consis-615

tency) directly into the loss function could mitigate616

this issue in future iterations.617

Loss of Fine-Grained Geometry. While our618

coarse-grained symbolic representation efficiently619

filters thermal noise and captures high-level reac-620

tion logic, it inevitably discards fine-grained con-621

formational information (e.g., precise bond lengths622

and angles). Consequently, EvoMD-LLM is cur-623

rently less suitable for tasks requiring exact geomet-624

ric verification. Future work could explore multi-625

modal architectures that jointly model symbolic626

evolution and geometric deformation to achieve627

fully comprehensive dynamic reasoning.628

Interpretability and Hallucination Risks. The629

explanatory outputs provided by EvoMD-LLM are630

derived from aligning trajectory patterns with scien-631

tific knowledge learned during training, rather than632

ab initio derivation. Consequently, explanations of-633

ten rely on plausible but geometrically ungrounded634

terminology, suggesting retrieval-based associa-635

tion driven by pre-trained priors. Furthermore,636

the model occasionally over-interprets stochastic637

cues as deterministic stability guarantees and de-638

faults to generic linear narratives for rare intermedi-639

ates, reflecting reduced sensitivity in low-frequency 640

regimes. 641
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A Data Processing and Statistics812

In this section, we provide a detailed breakdown813

of the data processing pipeline, statistical charac-814

teristics, and the balancing strategy visualized in815

Figure 5.816

A.1 Event Extraction and Filtering Pipeline817

Our molecular event sequences originate from Re-818

active Molecular Dynamics (RMD) simulations of819

MoS2 synthesis, as reported by Dang et al. (2025).820

The raw trajectories capture high-frequency atomic821

motions that do not directly correspond to sym-822

bolic chemical reactions. To align this data with823

language modeling, we employed a multi-stage824

pipeline:825

• Raw Extraction (Step 1): We utilized a826

Depth-First Search (DFS) algorithm based827

on bond-order cutoffs to identify molecular828

species at every frame. This yielded an ini-829

tial "Raw MD" dataset comprising 1,648,646830

events (Figure 5(a)).831

• Thermal Noise Reduction (Step 2): Raw tra-832

jectories are dominated by transient thermal833

fluctuations where bonds vibrate but do not834

break. We filtered out all events with a persis-835

tence duration of ∆t < 1 ps. This resulted in836

the "Extracted" dataset of 237,673 events.837

• Temporal Band-Pass Filtering (Step 3): To838

focus on the primary dynamic scales relevant839

for reaction forecasting, we further refined840

the dataset by retaining only events with du-841

rations ∆t ∈ [10, 500] ps. This step removes842

extremely short-lived noise while segmenting843

ultra-long stable states, resulting in the "Fil-844

tered" dataset of 130,900 events.845

A.2 Handling Data Imbalance846

A critical challenge in MD data is the long-tail847

distribution of species. As shown in the word cloud848

in Figure 5(c) and the "Origin Data" histograms in849

Figure 5(b), a few dominant species (e.g., reactants850

like MoSx precursors) account for the vast majority 851

of observations, while critical transition states are 852

rare. 853

Training a language model directly on this 854

skewed distribution leads to trivial solutions where 855

the model simply memorizes the most frequent 856

tokens. To address this, we applied stratified sam- 857

pling to balance the dataset across both molecular 858

identity and duration intervals. 859

• Effect of Balancing: Figure 5(b) (bottom pan- 860

els) demonstrates that after sampling, the dis- 861

tributions of both molecular types and event 862

durations become significantly more uniform. 863

• Final Dataset: This process yielded the fi- 864

nal "Balanced" dataset containing 7,015 high- 865

quality sequence pairs, which were used for 866

fine-tuning EvoMD-LLM. 867

A.3 Temporal Characteristics 868

Figure 5(d) presents box plots of the existence du- 869

rations for various molecular species in the final 870

processed dataset. The distinct temporal distribu- 871

tions (e.g., some species consistently show shorter 872

lifetimes than others) confirm that duration is a se- 873

mantic property intrinsic to each chemical species, 874

justifying our use of Temporal Scaffolding to cap- 875

ture these kinetic signatures. 876

B Implementation Details 877

To ensure the reproducibility of EvoMD-LLM, we 878

provide detailed specifications of our software en- 879

vironment, hardware infrastructure, and training 880

configurations. 881

B.1 Software and Hardware Environment 882

We implemented EvoMD-LLM using the Unsloth 883

framework, which optimizes memory usage and 884

training speed for Llama-based models. The core 885

software dependencies include: 886

• Python: 3.10 887

• PyTorch: 2.7.0 (with CUDA 12.6) 888

• Unsloth: 2025.5.6 889

• Transformers: 4.51.3 890

• Peft: 0.15.2 891

All experiments were conducted on a single 892

consumer-grade NVIDIA RTX 4090D (24GB 893
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Figure 5: Data processing visualization. (a) Evolution of dataset scale across successive preprocessing stages,
showing the reduction from raw events to high-quality balanced sequences. (b) Histograms comparing molecular
type and duration distributions before (Origin) and after (Processed) stratified sampling, highlighting the mitigation
of the long-tail problem. (c) Word cloud visualizing the dominance of specific species in the raw dataset. (d) Box
plots showing the distinct distribution of existence durations (in ps) for different molecular species, reflecting their
varying kinetic stabilities.

VRAM) GPU. We utilized mixed-precision train-894

ing (bfloat16) to maximize computational effi-895

ciency without compromising numerical stability.896

B.2 Details on Quantitative Evaluation897

All reported quantitative results are computed as898

the mean over multiple runs with different random899

seeds to ensure robust and reproducible evaluation.900

Specifically, for each experiment, we performed901

10 runs with distinct random seeds and report the902

averaged metrics.903

For the additional reasoning assessment on904

the ARC benchmark, we utilized the Open-905

Compass evaluation platform (Contributors,906

2023). The model was evaluated using the907

HuggingFaceCausalLM.908

B.3 Hyperparameters and Training Costs909

The detailed hyperparameters used for fine-tuning910

are listed in Table 5, optimized by grid search. We911

employed the LoRA technique, targeting all linear912

layers in the attention and feed-forward blocks.913

With the configuration specified below, the full914

training process (covering both structured fore-915

casting and Q&A tasks) took approximately 2.5916

hours. The peak memory usage was controlled un-917

der 16GB thanks to the 4-bit quantization support918

from Unsloth during the gradient calculation. 919

B.4 Licenses and Terms of Use. 920

We use the LLaMA 3.1 model released by Meta 921

under the LLaMA community license. The ARC-e 922

and ARC-c benchmarks are publicly available for 923

research purposes. All reactive molecular dynam- 924

ics simulations and derived symbolic datasets were 925

generated by the authors and do not contain per- 926

sonal or sensitive information. We plan to release 927

the processed datasets and model checkpoints un- 928

der a permissive research license upon acceptance. 929

C Prompt Templates 930

In this section, we present the exact prompt tem- 931

plates used for training EvoMD-LLM and for elic- 932

iting qualitative reasoning. We employed a con- 933

sistent system prompt to define the model’s role, 934

while task-specific instructions were appended to 935

the user queries to constrain the output format. 936

C.1 Training and Prediction Prompts 937

For the supervised fine-tuning (SFT) stage and stan- 938

dard prediction tasks (1-step, N-step, and Back- 939

ward), we used the following template structure. 940

System Message. This prompt sets the general 941

behavioral constraints and defines the data format 942
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Table 5: Detailed hyperparameters and training config-
uration for EvoMD-LLM. The model was fine-tuned
using the LoRA method with the Unsloth framework
for memory optimization.

Hyperparameter Value
General Configuration
Base Model Llama 3.1 8B Instruct
Framework Unsloth (TRL)
Precision bfloat16 (bf16)
Random Seed 3407
Max Sequence Length 2048
Optimization
Optimizer AdamW (8-bit)
Learning Rate 2× 10−4

Weight Decay 0.01
LR Scheduler Linear
Warmup Steps 400
Num Epochs 2
Batch Size Configuration
Per-Device Batch Size 2
Gradient Accumulation Steps 4
Effective Batch Size 8
LoRA Configuration
Rank (r) 16
Alpha (α) 16
Dropout 0
Bias None
Target Modules q, k, v, o, gate,

up, down_proj

(molecule, duration).943

You are an AI assistant to help me944
predict molecular sequence progression945
based on given molecular compositions946
and their existence durations and947
analysis. Each data point consists of948
a molecule and the duration it persists949
in the system, the unit of duration is950
ps. If the question is about predicting951
molecular sequences, format your answer952
as (molecule, time). Otherwise, answer953
normally.954

Task-Specific Instructions. Different prediction955

tasks are distinguished by specific suffixes ap-956

pended to the historical sequence.957

1. Single-Step Prediction (Forward):958

Input: The history sequence is959
{SEQUENCE_HISTORY}, What is the next960
element? Output ONLY the next element961
in the format: (molecule, time). No962
explanation. No code. No extra words!963

2. Multi-Step Prediction (N=2):964

Input: The history sequence is965
{SEQUENCE_HISTORY}, What are the next966
two elements? Output ONLY the next two967
elements in the format: (molecule, time).968
No explanation. No code. No extra words!969

3. Backward Prediction:970

Input: The history sequence is 971
{SEQUENCE_HISTORY}, What is the previous 972
element? Output ONLY the previous 973
element in the format: (molecule, time). 974
No explanation. No code. No extra words! 975

D Reasoning and Explanation Prompts 976

To assess the emergent explanatory capabilities of 977

EvoMD-LLM, we utilized a structured prompt de- 978

signed to constrain the output format. 979

It is important to note that while the model 980

was fine-tuned with a mixture of symbolic MD 981

sequences and general scientific Q&A pairs (to pre- 982

vent catastrophic forgetting, see Section 2.5), it was 983

never supervised on paired samples of (trajectory, 984

textual explanation). 985

The training data for MD trajectories consisted 986

solely of symbolic sequences (e.g., molecule to- 987

kens and duration values). Therefore, the detailed 988

reasoning elicited by the prompt below reflects 989

the model’s emergent ability to ground its general 990

chemical knowledge (acquired from pre-training 991

and Q&A regularization) into the specific context 992

of the learned physical dynamics. 993

The prompt acts as a structural scaffold, direct- 994

ing the model to articulate its learned sequence 995

patterns into explicit linguistic reasoning. 996

Expert Simulator System Context. 997

You are an expert scientific simulator 998
specializing in Reactive Molecular 999
Dynamics (RMD) for Chemical Vapor 1000
Deposition (CVD) synthesis. 1001

System Context: The reaction system 1002
involves the sulfidation of Mo3O9 1003
precursors by S2 gas. Key dynamics 1004
include Oxygen-Sulfur exchange, 1005
structural relaxation, and thermal 1006
decomposition. 1007

Task Definition: Your goal is to 1008
forecast the trajectory of chemical 1009
evolution. Each data point (Molecule, 1010
Duration) represents a distinct chemical 1011
state and its kinetic persistence 1012
(stability). 1013

• A short duration implies a 1014
transient intermediate or 1015
transition state. 1016

• A long duration implies a 1017
thermodynamically stable product 1018
or metastable trap. 1019

Reasoning Instruction. After the model gener- 1020

ates a prediction, we prompt it to explain the physi- 1021

cal rationale using the following template: 1022

Task: You are provided with a historical 1023
trajectory of molecular species and 1024
their durations. 1025
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History Sequence: {history_seq}1026
Your Model Prediction: ({predict_res})1027

Instructions: Provide a scientific1028
explanation for this transition. Your1029
response must:1030

1. Mechanism: Analyze the change in1031
stoichiometry from the last history1032
step to the predicted step. What1033
specific chemical process drives1034
this transformation?1035

2. Stability: Analyze the predicted1036
duration ({duration}). What does1037
this specific timescale imply1038
about the thermodynamic state or1039
kinetic stability of the predicted1040
molecule?1041

3. Format: Write in strict, concise1042
Academic English.1043

Your answer must be in academic English,1044
concise, and only include the reasoning1045
(no extra content, no repetition).1046

E Sample Efficiency Analysis1047

To investigate whether our dataset size is a bot-1048

tleneck for performance, we conducted a scaling1049

analysis by training EvoMD-LLM on subsets of the1050

training data ranging from roughly 100 to 20,0001051

samples. Figure 6 illustrates the 1-step prediction1052

accuracy as a function of data quantity.1053

Figure 6: Learning curve of EvoMD-LLM. The plot
shows 1-step prediction accuracy scaling with training
data size. The model exhibits strong few-shot general-
ization, reaching over 60% accuracy with only 5,000
samples, and shows signs of performance saturation be-
yond 10,000 samples, indicating that the current dataset
size is sufficient for capturing the core dynamics.

As shown in Figure 6, the model exhibits high1054

sample efficiency.1055

• Rapid Syntax Acquisition (0-5k): Accuracy1056

surges from 21.5% to 61.1% within the first1057

5,000 samples. This steep rise suggests that1058

the LLM, leveraging its pre-trained capabil- 1059

ities, rapidly aligns with the "grammar" of 1060

molecular evolution (syntax and basic stoi- 1061

chiometry) with minimal data. 1062

• Performance Saturation (10k-20k): As data 1063

volume doubles from 10,000 to 20,000, accu- 1064

racy gains moderate (from 65.4% to 67.5%). 1065

This plateau indicates that the model has effec- 1066

tively captured the majority of the learnable 1067

patterns within the current domain. 1068

This analysis confirms that our dataset size 1069

(∼20k total samples) is robust. The constraint on 1070

further performance improvement is likely not the 1071

quantity of raw data, but the inherent stochasticity 1072

of the chemical system itself. 1073

F Detailed Error Analysis 1074

To evaluate the reliability of EvoMD-LLM beyond 1075

standard accuracy metrics, we conducted a fine- 1076

grained analysis of the prediction errors on the test 1077

set. 1078

F.1 Zero Hallucinations and Chemical 1079

Validity 1080

A critical finding of our analysis is that EvoMD- 1081

LLM exhibits zero hallucinations regarding chem- 1082

ical validity. 100% of the incorrect predictions 1083

correspond to chemically valid molecular formulas 1084

that exist within the reaction network (e.g., pre- 1085

dicting a valid intermediate like MoS3 but at an 1086

incorrect time step). 1087

This stands in sharp contrast to generic LLMs, 1088

which often generate physically impossible sto- 1089

ichiometry when fine-tuned on scientific data. 1090

The absence of hallucinations confirms that our 1091

symbolic tokenization strategy has successfully 1092

grounded the model in the compositional gram- 1093

mar of the chemical system, constraining its errors 1094

to the domain of physical kinetics rather than gen- 1095

erative syntax. 1096

F.2 Physical Symmetry of Kinetic Mismatch 1097

Since all errors are valid "Kinetic Mismatches," we 1098

further decomposed them to determine if the model 1099

exhibits systematic bias. Given that the primary re- 1100

action mechanism is sulfidation (replacing Oxygen 1101

with Sulfur), we classified the errors based on the 1102

stoichiometry of the predicted species relative to 1103

the ground truth: 1104
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• Under-Sulfidation (Lagging): The predicted1105

molecule contains fewer Sulfur atoms than the1106

ground truth (Spred < Strue). The model pre-1107

dicts a precursor state, effectively "lagging"1108

behind the true trajectory.1109

• Over-Sulfidation (Too Fast): The pre-1110

dicted molecule contains more Sulfur atoms1111

(Spred > Strue). The model anticipates the1112

reaction progressing faster than reality.1113

• Oxygen Deviation: The Sulfur content is cor-1114

rect, but the Oxygen stoichiometry differs, re-1115

flecting minor inaccuracies in secondary de-1116

oxidation steps.1117

As illustrated in Figure 7, the error distribution1118

is remarkably balanced. The near-perfect symme-1119

try between Under-Sulfidation (45.0%) and Over-1120

Sulfidation (44.1%) suggests that EvoMD-LLM1121

does not suffer from a systematic drift towards1122

either accelerating or retarding the reaction kinet-1123

ics. Instead, the errors likely reflect the inherent1124

stochasticity of Molecular Dynamics simulations,1125

where the exact timing of atomic transitions fluctu-1126

ates around the mean path. The model effectively1127

captures the central tendency of the reaction, with1128

errors representing unbiased variance.1129

Figure 7: Breakdown of Kinetic Mismatch Errors. The
distribution shows a balanced split between Under-
Sulfidation (Blue, 45.0%) and Over-Sulfidation (Green,
44.1%). This symmetry indicates that the model’s tem-
poral errors are stochastic rather than biased. Oxygen
Deviation (Yellow, 10.9%) represents minor stoichio-
metric noise.

G Additional Qualitative Examples1130

To provide a more comprehensive view of the1131

model’s qualitative behavior, we present additional1132

prediction and reasoning examples in Table 6.Un- 1133

like the selected cases in the main paper, these 1134

examples include both successful predictions and 1135

characteristic failure modes, and are intended to 1136

illustrate typical patterns rather than exhaustive 1137

coverage. 1138
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Input History Sequence Prediction Generated Reasoning
Case 1: Over-sulfidation Drift
(MoS4,8); (Mo2S7,12);
(MoS3,41)

Mol: MoS6

Time: 10 ps
The transition is attributed to continued sulfur adsorption leading to higher
sulfur coordination. However, the extremely short predicted duration suggests
a transient and unstable configuration.

Case 2: Stability Overestimation
(Mo2S5,7); (MoS3,19);
(MoS4,32)

Mol: MoS4

Time: 125 ps
The model interprets repeated appearance of MoS4 as evidence of kinetic
stability, potentially overestimating persistence due to frequency bias.

Case 3: Reduction Shortcut
(MoOS,4); (MoO2,9);
(MoO2,12)

Mol: MoO
Time: 488 ps

The transition is explained as oxygen loss under reducing conditions. The
long duration reflects a stable oxide plateau, though intermediate pathways
are omitted.

Case 4: Missed Cluster Growth
(Mo2S7,5); (Mo2S5,11);
(MoS4,18)

Mol: MoS4

Time: 495 ps
The model favors structural persistence over further aggregation, overlook-
ing potential cluster growth toward higher sulfur content.

Case 5: Correct Stability Tracking
(MoS4,2); (MoOS4,9);
(MoOS5,14)

Mol: MoOS5

Time: 62 ps
The prediction reflects incremental sulfur incorporation while correctly
identifying a moderately persistent intermediate.

Case 6: Linear Growth Bias
(MoS3,6); (MoS4,11);
(MoS5,9)

Mol: MoS6

Time: 83 ps
The reasoning assumes monotonic sulfur accumulation, exhibiting a linear
growth bias that neglects possible sulfur loss or rearrangement.

Case 7: Transient Misclassification
(MoO2,3); (MoOS2,7);
(MoS2,5)

Mol: MoS2

Time: 214 ps
Although MoS2 is predicted as long-lived, the explanation likely overstates
kinetic trapping for what may be a transient configuration.

Case 8: Rare Species Generalization
(Mo3S11,4); (Mo3S12,6);
(Mo3S13,3)

Mol: Mo3S13

Time: 57 ps
The model produces a generic explanation invoking coordination saturation,
reflecting limited specificity for rare cluster species.

Case 9: Oxygen Retention Bias
(MoO3,5); (MoO2,18);
(MoOS2,7)

Mol: MoO2

Time: 301 ps
The prediction favors oxygen-rich species, suggesting a bias toward oxide
persistence despite emerging sulfidation signals.

Case 10: Competing Pathway Suppression
(MoS2,14); (MoOS3,9);
(MoS3,11)

Mol: MoS4

Time: 92 ps
The explanation emphasizes sulfur addition while suppressing alternative
desulfurization or rearrangement pathways.

Table 6: Additional qualitative examples generated by EvoMD-LLM. These cases complement the main-paper
examples by covering a broader range of behaviors, including correct predictions, stability overestimation, linear
growth bias, and generic reasoning for rare species. Highlights indicate inferred reaction mechanisms (Red) and
stability or metastability judgments (Blue).
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