
ChemReason-Bench: Benchmarking Large Language Models for
Procedural Reasoning in Experimental Chemistry

Anonymous ACL submission

Abstract001

Experimental protocols in organic synthesis002
specify not only the intended transformation003
but also an executable sequence of operations004
and conditions. While recent language models005
show strong chemistry knowledge, widely used006
evaluations remain less diagnostic of procedure-007
level decision making. In this setting, correct-008
ness requires consistent step ordering, feasibil-009
ity under stated conditions, faithful entity–role010
grounding, and schema-parseable outputs that011
can be automatically validated against opera-012
tional constraints. We present CHEMREASON-013
BENCH, a human-validated benchmark for ver-014
ifiable experimental procedure reasoning built015
on a structured representation with explicit016
placeholders and a unified schema, enabling au-017
tomatic checks of many operational constraints.018
From 500 reactions, we instantiate 7306 bench-019
mark tasks across six complementary formats:020
ordering, step validation, condition validation,021
schema-constrained completion, contrastive022
choice, and evidence-grounded rationalization.023
We further release a large-scale instantiation024
of the same templates for downstream adapta-025
tion studies, kept disjoint from the evaluation026
set. Using a unified evaluation protocol, we027
benchmark diverse open-source, proprietary,028
and domain-specific models and observe clear029
variation across the capability surface. We030
also report controlled adaptation experiments031
in the appendix, where supervised fine-tuning032
improves small models, preference optimiza-033
tion adds limited gains in our setting, and a gap034
remains to the strongest evaluated systems.035

1 Introduction036

Experimental procedures form the operational037

backbone of chemical synthesis (Mehr et al., 2020).038

They describe not only the intended transforma-039

tion, but also the ordered operations and condi-040

tions (e.g., reagent addition, temperature control,041

quenching, extraction, drying, purification) that de-042

termine feasibility, safety, and yield (Vaucher et al.,043

2020; Zhang et al., 2025a). Procedural reasoning 044

remains difficult for language models because cor- 045

rect outputs must respect dependencies that span 046

an entire experiment, follow common laboratory 047

conventions, and satisfy feasibility constraints im- 048

posed by the stated conditions (Zeng et al., 2023). 049

Decisions made early in a protocol can limit which 050

work-up steps are appropriate later, and a chem- 051

ically plausible suggestion can still conflict with 052

the procedure’s operational constraints. As synthe- 053

sis automation and agentic lab assistants increas- 054

ingly adopt language interfaces, these requirements 055

become central: generations must remain proce- 056

durally consistent and constraint-satisfying, not 057

merely chemically plausible (Burger et al., 2020; 058

Boiko et al., 2023). 059

Procedure-centric representations have been 060

studied along two closely related lines: extrac- 061

tion (Vaucher et al., 2020) and transcription (Zeng 062

et al., 2023). Extraction approaches convert experi- 063

mental prose into structured action sequences, en- 064

abling machine-executable procedures from patents 065

and free-form laboratory narratives (Zhong et al., 066

2024). Recent work improves action and event 067

extraction through stronger supervision, includ- 068

ing LLM-assisted data generation and refined ex- 069

traction models (Zhang et al., 2025b). In paral- 070

lel, transcription-style formulations translate be- 071

tween human-readable descriptions and structured, 072

machine-executable instructions, supporting nor- 073

malization across heterogeneous sources. At scale, 074

curated collections aggregate procedures from pub- 075

lic upstream corpora such as patents and open 076

repositories, providing a foundation for modeling 077

procedure understanding (Liu et al., 2024). 078

Despite this progress, comparison in Table 3 indi- 079

cates that many evaluations for chemistry-capable 080

LLMs still emphasize chemistry knowledge and 081

general reasoning, often via QA/MCQ-style bench- 082

marks (Mirza et al., 2025; Chen et al., 2025; 083

Li et al., 2025; Xie et al., 2025; Runcie et al., 084
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(1) Human-designed
templates

(2) LLM-assisted 
canonicalization + 
task instantiation

(3) Human
Verification and re-

annotation

(4) Final task
instances

"correct_order": ["0", ”2", ”1"],
"explanation_private": "Base and coupling 
partners are combined before adding Pd; reflux 

occurs after all components are present."

"action": "ADD",

"slots": { "reagent": "$6$" },
"description_private": "Add $6$ (H2O) to the 
reaction mixture to form a biphasic system for 

work-up."

"label": false,

"explanation_private": "Omitting filtration can 
carry suspended solids into evaporation, risking 
contamination and bumping."

"label": true,

"explanation_private": "Typical Suzuki reactions 
in heterogeneous solvent mixtures require 2-6 h 
at reflux to reach completion; 4 h is in standard 

practice.”

"correct_option_idx": 1,

"correct_choice": "$2$",
"distractor_explanations": {
    “$1$”: “Used in slight excess (2.75 mmol), not 

limiting.”, …

“gold_rationale”: “TEA suppresses silica acidity 

and prevents adsorption/tailing of the basic 
aniline product, yielding sharper and more 
reproducible bands."

“Order these 

operations by 
experimental 
chronology.”

“Fill in the 

missing 
operation.”

“Is skipping 

filtration 
appropriate here?”

“Is a @12@ 

reflux a 
reasonable 
duration?”

“Which reagent is 

limiting by 
stoichiometry?”
“options”: 

[“$1$”,“$2$”, ...

“Why include 1% 

$11$ in the 
eluent?”

Given:

(0) Dissolve $1$, $2$,
$5$ in $3$/$4$  
(1) Heat for @12@

(2) Add $7$ 

Given:

(1) Add $8$ to mixture
(2) [missing]
(3) Allow mixture to 

separate into phases

Given:

$1$ 2.75 mmol, $2$ 2.56 
mmol, $5$ 7.67 mmol as
base, $7$ 0.17 mmol as 

catalyst.

Given:

Filter the organic layer;
dry over $9$; 
concentrate of the

phase.

Given:

Heat the reaction 
mixture to reflux for 
@12@ to facilitate the 

coupling reaction.

Given:

Chromatography uses 
1% $11$ to the $8$ 
mobile phase.

PANEL B: Six Verifiable Task Types

Ordering

Step Completion

Step Validation

Condition Validation

Contrastive Choice

Rationalization

Task Authoring 
Pipeline

Free-text Procotol Structured procedure record

MAKESOLUTION with $1$, $2$...; 

ADD $7$ (200 mg) ; 
REFLUX for @12@ ; 
ADD $8$ ; 

ADD $6$ ; 
PHASESEPARATION; 
…

To a solution of 2-dimethylaminomethyl-

bromobenzene (588 mg, 2.75 mmol) and 4-
(4,4,5,5-tetramethyl-1,3,2-dioxaborolan-2-
yl)aniline (560 mg, 2.56 mmol) in toluene (10 

mL) and n-BuOH (3 mL), Cs2CO3 (2.50 g, 7.67 
mmol) in H2O (5 mL) was added, followed 
by …

Action-Grounded steps in natural language

MAKESOLUTION: Dissolve $1$ (588 mg), $2$ (560 mg), $5$ (2.50 g in $6$ (5 mL)) in $3$ 

(10 mL) and $4$ (3 mL) to form a homogeneous solution;
ADD: Add $7$ (200 mg) to the reaction mixture; 
REFLUX: Heat the reaction mixture to reflux for @12@ to facilitate the coupling reaction; 

ADD: Add $8$  to the reaction mixture; 
ADD: Add $6$  to the reaction mixture; 
PHASESEPARATION: Allow the mixture to separate into distinct phases;

…

PANEL A: From Heterogeneous Records to Canonicalized, 
Action-Grounded Natural-Language Steps

+

Pd(PPh3)4, Cs2CO3
tolue ne/n-BuOH

Reflux, 4h

Example reaction 319: Suzuki

$1$ + $2$ → $-1$

$1$: aryl bromide

$2$: aryl boronate  
$3$: toluene
$4$: n-BuOH

$9$: Na2SO4 

$11$: TEA
@12@: 4h

$5$: Cs2CO3

$6$: H2O
$7$: Pd(PPh3)4
$8$: EtOAc

Required Placeholder Tokens (Entities and Conditions)

Figure 1: From heterogeneous procedure records to six verifiable procedure reasoning task types.

2025) or broad task suites (Guo et al., 2023; Rein085

et al., 2023), offering limited diagnostic value for086

procedure-level decision-making. Consequently, it087

remains difficult to localize failures in operational088

reasoning: a model may select the correct option089

in a multiple-choice setting yet fail when required090

to enforce step-order constraints, maintain consis-091

tent entity–role bindings, or produce a machine-092

checkable structured decision. A single aggregate093

score can therefore hide execution-critical failure094

modes.095

We introduce CHEMREASON-BENCH, a human-096

validated benchmark for verifiable experimen-097

tal procedure reasoning. It adopts a structured098

procedure representation with explicit placehold-099

ers and a unified schema, enabling automatic100

checks of many operational constraints and sup-101

porting complementary task formats that probe dis-102

tinct procedural competencies. CHEMREASON-103

BENCH instantiates six task types covering order-104

ing, step- and condition-level validation, schema-105

constrained completion, option selection, and106

evidence-grounded explanation. We also release107

a large-scale instantiation CHEMREASON-TUNE108

of the same templates for downstream adaptation109

studies, with evaluation kept separate from training.110

Dataset overview is shown in Table 1.111

Our main contributions are as follows:112

• We introduce CHEMREASON-BENCH, a113

human-validated benchmark for verifiable ex-114

perimental procedure reasoning under a uni- 115

fied schema. 116

• We define six complementary task types and 117

a unified evaluation protocol (task-specific 118

primary/auxiliary metrics and dual gen/lm 119

scoring for discriminative tasks), enabling 120

capability-level diagnosis beyond a single ag- 121

gregate score. 122

• We release a large-scale template instantia- 123

tion CHEMREASON-TUNE for downstream 124

adaptation studies and report systematic re- 125

sults across diverse model families, including 126

controlled adaptation results comparing SFT 127

and GRPO (Appendix). 128

2 Related Work 129

Procedure extraction into action sequences. 130

Prior work studies converting experimental pro- 131

cedures into structured action sequences, enabling 132

machine-interpretable and executable procedure 133

representations. Vaucher et al. (2020) introduce 134

large-scale action extraction for chemical synthesis 135

procedures. Recent efforts further improve extrac- 136

tion quality and supervision, including leveraging 137

LLM-generated data for training and robustness 138

(Zhang et al., 2025b). Related work also explores 139

extracting structured information from organic syn- 140

thesis procedures with fine-tuned language models, 141
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Item CR-Bench CR-Tune

Overall
Reactions 500 >20000
Task types 6 6
Total instances 7306 123903

Per-task instances
Ordering 1266 20657
Contrastive Choice 1077 20650
Step Validation 1148 20646
Condition Validation 1117 20655
Step Completion 1483 20657
Rationalization 1215 20638

Fine-tuning splits
SFT train - 89210
SFT val - 9912
SFT total - 99122
GRPO train - 19825
GRPO val - 4956
GRPO total - 24781

Table 1: Dataset overview of CHEMREASON-BENCH
(CR-Bench) and CHEMREASON-TUNE (CR-Tune).

highlighting the practicality of schema-based out-142

puts in chemistry text processing (Ai et al., 2024).143

More broadly, scientific action extraction has been144

studied in NLP with executable targets, e.g., map-145

ping natural-language actions into programmatic146

representations (Zhong et al., 2024).147

Transcription and procedure prediction. Com-148

plementary to extraction, transcription-style formu-149

lations translate between human-readable descrip-150

tions and machine-executable instructions under ex-151

plicit operation schemas, supporting normalization152

across heterogeneous sources (Zeng et al., 2023). A153

related direction predicts experimental procedures154

from compact reaction representations, bridging155

reaction-level descriptions and operational proto-156

cols (Vaucher et al., 2021a). Reaction–text pretrain-157

ing and reaction-contextualized modeling further158

strengthen procedure understanding and generation159

settings, providing curated resources and model-160

ing approaches that connect reactions to procedural161

text (Liu et al., 2024).162

Automation and tool-augmented chemical as-163

sistants. Procedure-level consistency is increas-164

ingly important in automation settings where gen-165

erated outputs may be executed or used for verifi-166

cation. Study on digitizing and automatically exe-167

cuting synthesis literature demonstrates end-to-end168

pipelines from text to execution (Mehr et al., 2020).169

Robotic platforms and autonomous chemistry sys-170

tems further motivate reliable procedure representa-171

tions and constraint-aware decision making (Burger 172

et al., 2020; Boiko et al., 2023). Tool-augmented 173

LMs in chemistry emphasize the role of structured 174

interfaces and external tools for grounded, action- 175

able outputs (Bran et al., 2024). 176

Evaluating chemistry-capable language models. 177

Recent benchmarks for chemistry-capable LMs of- 178

ten emphasize chemistry knowledge and general 179

scientific reasoning via QA/MCQ-style tests or 180

broad task suites (Mirza et al., 2025; Guo et al., 181

2023; Chen et al., 2025; Li et al., 2025; Xie et al., 182

2025; Runcie et al., 2025). While valuable for as- 183

sessing factual and conceptual competence, such 184

evaluations can be less diagnostic of procedure- 185

level decision making that requires enforcing step- 186

order constraints, maintaining consistent entity– 187

role bindings, and producing schema-valid struc- 188

tured decisions. 189

Positioning. ChemReason-Bench complements 190

prior extraction and transcription work by evaluat- 191

ing verifiable procedure reasoning under an explicit 192

schema with placeholders, and by probing a capa- 193

bility surface via multiple task formats rather than 194

collapsing performance into a single score. 195

3 Task Formulation 196

CHEMREASON-BENCH evaluates whether lan- 197

guage models can reliably reason over organic syn- 198

thesis procedures beyond factual chemistry recall. 199

Experimental protocols combine heterogeneous ev- 200

idence and require procedural consistency, chemi- 201

cal plausibility, and faithful entity–role grounding. 202

A single aggregate score cannot characterize this 203

capability surface: models may succeed at option 204

selection yet fail to enforce step order, maintain 205

placeholder consistency, or produce schema-valid 206

structured decisions, which matters in automation 207

settings where outputs may be executed or verified. 208

To make these failure modes measurable, we for- 209

mulate six verifiable task types that cover comple- 210

mentary axes of procedural reasoning (Fig. 1). We 211

annotate primary and secondary capability align- 212

ments in Fig. 2 to highlight the complementary 213

roles of the six tasks and to distinguish task-specific 214

competencies from cross-cutting ones. 215

3.1 Expert-Designed Task Space 216

Our task space is expert-defined: we specify proce- 217

dural abilities relevant to executing and verifying 218

synthesis protocols, then define task forms with ver- 219
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Task Input / Output Metric

Ordering In: Text + Candidates + Legend
Out: Order List

pairwise_accuracy
exact_match
kendall_tau_norm

Step Completion In: Text + Schema (+Legend)
Out: Missing Step (+Slots)

step_completion_score
action_em, slot_f1
format_error_rate

Step Validation In: Text (+Legend)
Out: Binary

f1_positive
accuracy, brier, ece
auroc, auprc

Cond. Validation In: Text (+Legend)
Out: Binary

f1_positive
accuracy, brier, ece
auroc, auprc

Contrastive Choice In: Text + Options (+Legend)
Out: MCQ Index

top1_accuracy
log_loss, ece, mrr

Rationalization In: Text (+Legend)
Out: Explanation

coverage_f1
rougeL_f1, bleu
bert_score_f1

Procedural
Order

Action
Validity

Condition
Reasoning

Semantic
Grounding

Reaction
Rationale

Constrained
Output

Work-up &
Purif.

Format
Faith.

P S S P S

P S P S

P P S S

S P P S

P P S S S

P S P S

Primary Capability Secondary Capability

Figure 2: Task–capability coverage matrix. Rows are the six task types and columns are the targeted reasoning
capabilities. Dark blue cells indicate primary capability coverage and light blue cells indicate secondary coverage.

ifiable outputs. Each task type is defined by a tem-220

plate that specifies the evidence (context and candi-221

dates/options with schema/legend constraints), the222

required output format, and the evaluation protocol.223

Representative instances are shown in Fig. 1; com-224

plete task instances and format specifications are225

provided in Appendix C.226

We instantiate templates at scale via a controlled227

authoring pipeline with LLM assistance and human228

verification (Fig. 3); full details are in Section 4.229

3.2 Why Six Tasks230

The six tasks jointly define a capability surface231

rather than a single axis. Ordering and com-232

pletion emphasize procedural structure and con-233

strained generation; the two validation tasks iso-234

late decisions about actions versus conditions; con-235

trastive choice stresses grounded selection among236

distractors; rationalization probes causal expla-237

nation. Format faithfulness (placeholder consis-238

tency and schema compliance) is evaluated across239

tasks. This multi-task formulation supports diag-240

nostic analysis of where models fail, motivating241

task-specific reporting rather than collapsing per-242

formance into a single scalar.243

4 Dataset Construction244

Our direct inputs are two curated procedure col-245

lections, OPENEXP (Liu et al., 2024) and CHEM-246

TRANS (Zeng et al., 2023), which aggregate ex-247

perimental protocols from multiple upstream pub-248

lic sources (e.g., patents and open repositories),249

with representative upstream sources (e.g., USPTO250

(Lowe, 2017), ORD (Kearnes et al., 2021), OrgSyn 251

(Vaucher et al., 2021b)) listed in Fig. 3 as prove- 252

nance metadata for auditable data lineage. 253

We canonicalize procedure records into action 254

sequences and render them as action-grounded 255

natural-language steps. Each step is paired with an 256

explicit action label from a fixed inventory (27 ac- 257

tion types after integration) and uses explicit place- 258

holders under a unified schema, enabling strict pars- 259

ing and automatic checks of many operational con- 260

straints. 261

4.1 Benchmark and Training Pools 262

We construct two reaction pools: a 500-reaction 263

benchmark pool for controlled evaluation and a 264

larger training pool of > 20k reactions for down- 265

stream adaptation. From the benchmark pool, 266

we instantiate CHEMREASON-BENCH with 7306 267

human-validated task instances across six task 268

types. Using the same templates, we additionally 269

instantiate CHEMREASON-TUNE from the training 270

pool to obtain > 120k verifiable training instances; 271

evaluation remains disjoint from training. 272

4.2 Authoring and Quality Control 273

Instances are generated by deterministic processing 274

with limited, schema-constrained LLM assistance 275

(e.g., surface realization and candidate generation), 276

followed by automatic validators and targeted hu- 277

man verification. Full authoring details and quality- 278

control procedures are deferred to Fig. 3 and Ap- 279

pendix D. 280
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Closed-loop Improvement: Evaluate → Diagnose → Fine-tune → Re-evaluate 

Sector 2: Authoring System
(Templates + Rules + Validation)Sector 1: Data Provenance Sector 3: Outputs and Usage

USPTO

Public repositories

Curated procedure collections derived 
from upstream

Heterogeneous
records 

(free text +
structured 
records).

OpenExp

Training Pool
>20000 reactions

Benchmark Pool
500 reactions

Human-designed template library
6 task templates + unified schema

(A) ChemReason-Bench (Evaluation)

Rule-based processing
Scripts-based processing
・ Action-based reaction filtering  
・ Action consolidation
・ Placeholder–legend consistency
・ Option constraints & validity checks

LLM-assisted instantiation
Template guided generation
・ Natural-language rendering of steps
・ Linguistic diversity of task prompts

Quality control checkpoint
・ Automatic validation
・ Human Verification & re-annotation

(B) ChemReason-Tune (SFT + GRPO)

7306 verifiable task instances
・ 6 type tasks
・ 500 reactions
・ 27 action types
・ >2300 molecule instances

Emphasizes diverse writing styles and realistic procedural variability

Benchmark 
templates as 

blueprint

LLM + scripts re-
instantiation
LLM generation + 
rule-based scripts 

(distribution-shifted 

vs. benchmark)

Training 
serialization

Convert structured 
instances into training 

format

1) Build instruction 
prompts
2) Textualize 
structured fields

3) SFT / preference
format (for GRPO)

(1) >20k reactions
(2) >120k verifiable task instances
(3) OOD: shifts in reaction families, 
question distributions, and linguistic/
semantic diversity vs. the benchmark.

ORD OrgSyn

Ordering Step-comp Step-val Cond-val Choice Ration.

ChemTrans

Figure 3: Overview of the ChemReason-Bench and ChemReason-Tune data authoring pipeline.

5 Evaluation Protocol281

5.1 Metrics282

We evaluate models on six task types that cap-283

ture complementary aspects of experimental pro-284

cedure reasoning. For each task, we designate a285

primary metric for headline comparison and ad-286

ditionally report auxiliary metrics that provide a287

more complete view of model behavior: strict cor-288

rectness (e.g., exact match), ranking quality for289

ordering (e.g., Kendall’s τ ), probability-sensitive290

and threshold-free measures for decision tasks (e.g.,291

Brier/ECE, AUROC/AUPRC), and lexical/seman-292

tic quality metrics for rationales. The metrics for293

each task can be summarized in Appendix E.294

Two complementary evaluation protocols (gen295

vs. lm). For the three discriminative tasks (Step296

Validation, Condition Validation, and Contrastive297

Choice), we evaluate each model under two com-298

plementary protocols. In gen, the model produces a299

full response that we parse into a discrete decision300

(YES/NO or an option index), reflecting end-to-end301

instruction following and generation behavior. In302

lm, we probe next-token probabilities under a con-303

strained prompt (e.g., Respond with ONLY YES or304

NO or Respond with ONLY an integer index),305

yielding calibrated probability estimates over the306

decision space. We report both gen and lm scores307

in tables (“gen/lm”), and compute a single task308

score by averaging the two views. Full protocol309

details are provided in Appendix E.3. 310

The overall score macro-averages primary met- 311

rics across the six tasks with equal weights. The 312

detailed definitions, computation logic, and for- 313

mulas for all task-specific metrics are provided in 314

Appendix E.2, E.3 and Table 6. 315

5.2 Overall Reporting 316

We report Primary-Overall as a macro-average 317

over the six task families, assigning equal weight 318

to each task type regardless of its instance count. 319

Concretely, for the three discriminative tasks (Step 320

Validation, Condition Validation, and Contrastive 321

Choice), we first compute a single task-level pri- 322

mary metric by averaging the gen and lm primary 323

metrics (reported as “gen/lm” in the main tables). 324

For the remaining tasks (Ordering, Step Comple- 325

tion, and Rationalization), the primary metric is 326

unaffected by the gen/lm protocol, so using either 327

view (or their average) yields the same value. The 328

final Primary-Overall is then obtained by aver- 329

aging the six task-level primary metrics; the com- 330

putation procedure is provided in Appendix E.3. 331

Appendix F provides six per-task tables with 332

all reported metrics. In each table, the Primary 333

metric column corresponds to the task’s primary 334

metric for that model: it is either the direct pri- 335

mary value (for tasks not affected by gen/lm) or 336

the mean of gen and lm (for the three discrimina- 337

tive tasks). Averaging these six appendix Primary 338

metric values per model exactly recovers the 339
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Order Step-Comp Step-Val Cond-Val Contrast Ration

Llama-2-7B

Qwen-2.5-7B

Llama-3.1-70B

DeepSeek-v3.2

Claude-Sonnet-4

GPT-4o

GPT-5.2

ChemLLM-7B

KALE-8B

LlaSMol-7B

52.3 6.0 59.4 74.8 19.4 19.6

78.7 7.2 72.2 83.0 64.5 18.0

88.5 16.1 53.4 73.0 79.2 26.2

91.5 36.3 70.6 79.9 81.5 31.3

94.0 43.6 76.4 80.7 73.8 30.7

92.9 23.7 78.6 83.3 84.9 27.9

94.4 51.6 73.2 84.4 88.7 29.4

56.9 4.2 34.9 57.6 48.4 15.8

76.2 5.3 60.3 71.5 63.4 18.5

0.5 0.0 30.9 35.0 18.5 1.3

−2.0
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Figure 4: Per-task performance profile (selected mod-
els). Heatmap of task-level scores for a representative
subset of models spanning open-source, proprietary, and
domain-specific systems. Cells show the task scores
in numbers, while the color encodes relative perfor-
mance after per-task standardization (Z-score) to high-
light strengths and weaknesses across tasks.

Primary-Overall reported in the main table.340

6 Evaluation Results and Analysis341

6.1 Experiment Introduction342

We evaluate a diverse set of models spanning343

open-source general LLMs (Llama 2 (Touvron344

et al., 2023) /3.1 (Grattafiori et al., 2024), Mix-345

tral (Jiang et al., 2024), Phi-3 (Abdin et al., 2024),346

Gemma 2 (Gemma Team, 2024), Qwen 2.5 (Qwen347

Team, 2024), and DeepSeek-V3.2 (DeepSeek-AI,348

2025)), proprietary systems (Claude Sonnet 4 (An-349

thropic, 2025), Gemini 2.5 Flash (Comanici et al.,350

2025), GPT-4o (Hurst et al., 2024), GPT-5.2 (Ope-351

nAI, 2025), Grok-4 (xAI, 2025) and Qwen-3-max352

(Yang et al., 2025)), and chemistry-focused mod-353

els (ChemLLM (Zhang et al., 2024), LlaSMol354

(Yu et al., 2024), KALE (Dai et al., 2024), and355

ChemDFM (Zhao et al., 2025b)).356

Across models, we use the same prompts and de-357

terministic decoding (temperature = 0) with a fixed358

maximum output budget per task, ensuring compa-359

rable generation constraints across providers.360

We report main results on CHEMREASON-361

BENCH in Table 2, with a compact Primary-Overall362

summary (macro-average over the six task fami-363

lies). Figure 5 visualizes the same ranking, and364

Figure 4 provides a task-wise view for a represen-365

tative subset of models.366

6.2 Primary-Overall leaderboard 367

Across model categories, proprietary models 368

achieve the highest average Primary-Overall 369

(66.8), followed by open-source models (52.1), 370

while domain-specific chemistry models lag behind 371

on average (30.5). The best proprietary model in 372

Table 2 is GPT-5.2 (70.30), and the strongest open- 373

source model is DeepSeek-v3.2 (65.21), leaving a 374

gap of ≈ 5.1 points in Primary-Overall. Within 375

open-source systems, scaling and training recipe 376

both matter: Qwen-2.5-72B (64.65) approaches 377

the best open-source result, while smaller open 378

models are substantially lower, indicating that the 379

benchmark remains challenging under realistic de- 380

ployment budgets. 381

6.3 Per-task strengths and bottlenecks 382

Task-level metrics reveal uneven progress across 383

procedural skills. Ordering appears comparatively 384

mature for strong general LLMs (e.g., PairAcc in 385

the low-to-mid 90s for top proprietary models), 386

suggesting that many models can recover coarse 387

procedural dependencies when candidate steps are 388

provided. In contrast, Step Completion is a major 389

bottleneck: the best proprietary result (GPT-5.2, 390

SC-Score 51.65) is substantially higher than the 391

best open-source result (DeepSeek-v3.2, 36.32), 392

reflecting the difficulty of reconstructing structured 393

missing actions and slots under strict constraints. 394

Rationalization scores remain modest across the 395

board (CovF1 roughly in the 20–31 range for the 396

strongest models), indicating that producing ex- 397

planations that reliably cover required evidence 398

remains challenging even when task answers are 399

correct. 400

6.4 Two-protocol reporting for discriminative 401

tasks (gen vs. lm) 402

For the three discriminative tasks (Step Validation, 403

Condition Validation, Contrastive Choice), Table 2 404

reports “gen/lm” scores. The gen view measures 405

end-to-end instruction following and answer extrac- 406

tion from generated text, while the lm view probes 407

next-token preferences under a constrained deci- 408

sion prompt and supports probability-based anal- 409

yses. Several models exhibit large gen–lm gaps 410

(e.g., Mixtral-v0.2 and Phi-3-mini on validation 411

tasks), suggesting that a model can be competitive 412

in free-form generation yet brittle when decisions 413

are evaluated through token-level probability mass. 414

Other models show closer agreement between gen 415
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Figure 5: CHEMREASON-BENCH leaderboard. Primary-Overall comparison across three model groups: open-
source general-purpose LLMs, proprietary LLMs, and domain-specific chemistry models. Bars report each model’s
Primary-Overall score (macro-averaged over the six task families), with group-average scores shown for reference.

and lm (e.g., Qwen-2.5), indicating more stable416

decision behavior across the two complementary417

evaluation views. For models where lm results are418

unavailable (shown as “–”), only gen is reported419

due to API/logprob constraints.420

6.5 Domain-specific chemistry models421

Despite domain specialization, the evaluated422

chemistry-focused models underperform strong423

general-purpose LLMs on Primary-Overall. One424

plausible explanation is that CHEMREASON-425

BENCH stresses procedural consistency across426

heterogeneous evidence and output constraints427

(schemas, legends/placeholders), which are not428

guaranteed to improve from chemistry pretraining429

alone. Notably, KALE-8B shows competitive perfor-430

mance on some discriminative subtasks (e.g., Con-431

trast under lm), but still falls short on the structured432

reconstruction and explanation-style tasks that re-433

quire combining procedural control with faithful,434

constraint-aware generation.435

Summary. Overall, CHEMREASON-BENCH dif-436

ferentiates models not only by chemistry knowl-437

edge, but also by their ability to maintain procedu-438

rally consistent, constraint-aware reasoning across 439

task formats, which is critical for synthesis assis- 440

tants and automation-oriented settings. 441

7 From Evaluation to Fine-Tuning 442

Although CHEMREASON-BENCH is designed for 443

diagnostic evaluation, the same verifiable task for- 444

mulations provide a practical interface for adapting 445

LLMs into synthesis-oriented assistants. We use 446

the templates, unified schema, and validators to in- 447

stantiate large-scale training supervision, enabling 448

both instruction tuning and reward-based optimiza- 449

tion with automatic checking. 450

7.1 Training Data: CHEMREASON-TUNE 451

We instantiate a > 20k-reaction training pool into 452

> 120k verifiable task instances (CHEMREASON- 453

TUNE). To prevent leakage, we split at the reaction- 454

record level so all instances derived from the same 455

reaction remain in the same split. Construction and 456

split details are provided in Appendix G. 457
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Model Size
Overall Order Contrast Step-Val Cond-Val Step-Comp Ration.

↑ PairAcc.↑ Top1Acc.↑ (gen/lm) F1+↑ (gen/lm) F1+↑ (gen/lm) SC-Score↑ CovF1↑
Open-source Models

LLama-2 7B 38.58 52.27 24.05 / 14.76 66.84 / 51.88 74.93 / 74.70 6.04 19.57
Mixtral-v0.2 7B 41.07 64.58 55.71 / 52.65 69.43 / 31.50 80.55 / 23.88 4.68 20.28
Phi-3-mini 7B 43.51 79.83 59.24 / 51.07 72.46 / 16.98 83.33 / 20.39 5.30 24.19
Qwen-2.5 7B 53.94 78.74 63.42 / 65.65 75.10 / 69.35 80.85 / 85.06 7.25 17.96
LLama-3.1 8B 49.45 73.14 62.58 / 61.37 70.90 / 45.45 80.80 / 61.79 9.23 22.87
Gemma-2 9B 56.74 83.92 67.50 / 70.75 69.51 / 75.34 82.09 / 82.49 11.54 21.15
LLama-3.1 70B 56.07 88.55 77.25 / 81.24 62.62 / 44.09 82.71 / 63.27 16.06 26.21
Qwen-2.5 72B 64.65 91.32 77.25 / 80.50 80.47 / 78.36 88.60 / 85.88 25.73 25.31
DeepSeek-v3.2 685B 65.21 91.53 81.52 / - 70.60 / - 79.93 / - 36.32 31.33

Proprietary Models

Claude-Sonnet-4 - 66.56 94.00 73.82 / - 76.43 / - 80.73 / - 43.63 30.74
Gemini-2.5-Flash - 67.10 92.46 82.27 / - 76.45 / - 86.89 / - 35.74 28.83
GPT-4o - 65.23 92.90 83.94 / 85.89 82.54 / 74.73 87.21 / 79.48 23.72 27.87
GPT-5.2 - 70.30 94.40 88.67 / 88.77 80.16 / 66.18 83.74 / 85.07 51.65 29.45
Grok-4 - 66.57 90.02 78.09 / 78.46 81.76 / 77.87 87.01 / 84.56 35.48 30.05
Qwen-3-max - 65.08 93.78 79.20 / 82.36 73.31 / 76.24 78.03 / 82.26 30.54 30.46

Domain-specific Models

ChemLLM 7B 36.31 56.93 44.38 / 52.46 28.13 / 41.66 45.09 / 70.02 4.19 15.84
LlaSMol 7B 14.37 0.50 1.58 / 35.38 61.78 / 0.00 70.09 / 0.00 0.00 1.31
KALE 8B 49.21 76.25 60.17 / 66.57 57.78 / 62.87 65.11 / 77.97 5.26 18.52
ChemDFM 13B 22.28 14.86 25.72 / 39.55 62.76 / 13.31 73.15 / 6.22 0.60 7.88

Table 2: Overall performance on CHEMREASON-BENCH. Each cell reports composite score / primary metric for
each task (see Section 5 for detailed definitions and normalization).

7.2 Objectives: SFT and GRPO458

We fine-tune in two stages. SFT trains models to459

follow task instructions and produce schema-valid460

structured outputs. We then apply GRPO-style461

optimization using verifiable rewards computed by462

deterministic parsers/validators aligned with each463

task (Appendix Table 13), reinforcing constraint-464

satisfying decisions, structured reconstruction, and465

placeholder consistency. Objective definitions and466

implementation details are deferred to Appendix G.467

7.3 Controlled Adaptation Results468

Table 14 reports controlled adaptation results on469

three open-source backbones. SFT yields substan-470

tial gains in primary overall across all three mod-471

els. The fine-tuned Gemma-2-9B reaches perfor-472

mance comparable to proprietary systems on this473

benchmark, while a gap remains to the strongest474

model. Adapted models achieve the best results475

on COND-VAL and STEP-COMP, indicating that476

schema-constrained decision making and struc-477

tured reconstruction benefit strongly from automat-478

ically checkable supervision. GRPO yields limited479

improvements beyond SFT in our setting.480

Overall, these results suggest a practical deploy-481

ment trade-off: compact fine-tuned models can482

be competitive for procedure reasoning at substan-483

tially lower cost and with greater accessibility for 484

laboratory and automation workflows. 485

8 Conclusions 486

We introduced CHEMREASON-BENCH, a human- 487

validated benchmark for verifiable experimental 488

procedure reasoning in organic synthesis, together 489

with CHEMREASON-TUNE for controlled adapta- 490

tion studies. Across open-source, proprietary, and 491

chemistry-focused models, results show substan- 492

tial task-wise variation, indicating that aggregate 493

scores can mask failures in procedure-level consis- 494

tency, constraint satisfaction, and format faithful- 495

ness. The benchmark’s multi-task design provides 496

a diagnostic view of complementary procedural 497

competencies under an explicit schema with place- 498

holders and automatic validators. Using the same 499

verifiable interface, we conducted controlled adap- 500

tation experiments. Supervised fine-tuning substan- 501

tially improves compact open models and can bring 502

them to performance comparable to proprietary sys- 503

tems on parts of the benchmark, while additional 504

preference optimization yields limited gains in our 505

setting. Overall, CHEMREASON-BENCH provides 506

a verifiable framework for evaluating and improv- 507

ing language models intended to generate or verify 508

executable synthesis procedures. 509
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Limitations510

Data quality and representation. Although511

each benchmark instance is human-validated, our512

inputs are drawn from heterogeneous upstream cor-513

pora with varying reporting conventions and oc-514

casional underspecification. Our canonical repre-515

sentation (action-tagged steps with explicit place-516

holders) is designed for structure and automatic517

checking, but it may not capture all nuances in real518

laboratory narratives, such as implicit assumptions,519

partially specified quantities, or context that is rou-520

tine for practitioners but not explicit in the record.521

Scope of procedures and task coverage.522

CHEMREASON-BENCH targets organic synthesis523

procedures and a fixed set of six task families cho-524

sen to yield verifiable outputs under an explicit525

schema. While these tasks cover complementary526

procedural competencies that are central to many527

synthesis protocols, they are not intended to span528

the full breadth of synthesis practice. For example,529

multi-step campaigns, process optimization, ana-530

lytical verification, safety-critical exception han-531

dling, and domains beyond small-molecule organic532

chemistry (e.g., biochemistry, materials, electro-533

chemistry) are not explicitly modeled in the current534

benchmark. Extending coverage along these di-535

mensions is a natural direction for future work.536

Training findings may not generalize. Our con-537

trolled adaptation results use a particular training538

recipe (LoRA-based SFT followed by GRPO-style539

optimization) and one reward specification aligned540

with our task validators. In this setting, GRPO541

provides smaller marginal gains beyond SFT; how-542

ever, this outcome may vary with reward design,543

sampling strategy, compute budget, base model544

choice, and hyperparameter tuning, and should be545

interpreted as an empirical observation within our546

current configuration rather than a general claim547

about preference optimization for chemistry.548

Potential risks. Models evaluated on549

CHEMREASON-BENCH may be over-trusted in550

automation-oriented settings despite remaining551

failure modes in constraint satisfaction and schema552

faithfulness. The benchmark does not certify553

execution safety, and outputs should be used554

with appropriate human oversight and laboratory555

safeguards. Dataset artifacts and validator-defined556

schemas may also bias models toward superficially557

valid but practically incomplete procedures.558
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A Comparison with chemistry LLM benchmarks776

Benchmark Primary focus Task format Scale Verifiable outputs

CHEMREASON-
BENCH (ours)

Procedure-level reasoning under
explicit schema/placeholder con-
straints

6 tasks (ordering/validation/comple-
tion/choice/rationalization), struc-
tured I/O

500 rxns → 7,306 tasks Schema-parseable outputs + au-
tomatic validators

ChemBench (Mirza
et al., 2025)

Broad chemistry knowledge &
reasoning (vs. chemists)

QA/MCQ + open-ended >2.7k QA pairs Answer-key based (not proce-
dure schema constraints)

RxnBench (Li et al.,
2025)

Multimodal reaction understand-
ing from literature PDFs

Single-figure QA + full-document
QA

1,525 Q (SF-QA) + 108
papers (FD-QA)

Answer-key based; focuses on
multimodal perception/reasoning

SUPERChem (Zhao
et al., 2025a)

Reasoning-intensive chemistry
problems (incl. multimodal)

Problem solving / reasoning-path
style evaluation

500 problems Typically answer-key based (not
schema-valid structured deci-
sions)

QCBench (Xie et al.,
2025)

Quantum chemistry subfields QA/problem solving 350 problems Answer-key based

ChemIQ (Runcie
et al., 2025)

Organic chemistry QA/reasoning QA 796 questions Answer-key based

ChemLLMBench (Guo
et al., 2023)

What LLMs can do in chemistry
(multi-task)

Benchmark suite across multiple
task types

Eight tasks (suite-style
evaluation)

Mostly answer-key based

Table 3: Comparison to representative chemistry LLM benchmarks. Most existing benchmarks emphasize QA-
style evaluation with answer keys, whereas CHEMREASON-BENCH targets procedure-level decision making with
schema-parseable outputs and automatic validation of many operational constraints.
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B Introduction of Six Task Types777

CHEMREASON-BENCH evaluates whether lan-778

guage models can reliably reason over organic syn-779

thesis procedures beyond factual chemistry recall.780

Experimental protocols combine heterogeneous ev-781

idence, such as free-text narratives, structured re-782

action records, and action-tagged step sequences,783

and require models to maintain procedural consis-784

tency, chemical plausibility, and faithful entity–role785

grounding. We now define the six task types used786

in ChemReason-Bench. Each task corresponds to a787

target capability profile (Fig. 2) and has a verifiable788

output structure.789

Ordering (Procedural Order). Goal: Given a790

local procedural context, determine the correct791

chronological order of several candidate opera-792

tions. Input: Text context plus a small set of793

candidate steps (with step_ids) and the legend794

when placeholders appear. Output: An ordered795

list of step_ids. Rationale: Probes procedural796

dependency reasoning (e.g., wash → brine → dry,797

or complete reaction → workup → purification).798

Evaluation: Exact match and rank-based measures799

(e.g., pairwise accuracy and normalized Kendall-τ )800

quantify both strict correctness and near-misses.801

Step Completion (Missing Step). Goal: Fill in802

one missing atomic operation that must be con-803

sistent with the surrounding steps. Input: A par-804

tial action-grounded sequence in natural language805

with one position masked; optionally the schema/le-806

gend and slot constraints. Output: A single action807

(and slots when applicable) describing the missing808

step. Rationale: Tests constrained generation: the809

model must output exactly one atomic step that810

respects the procedure state and remains faithful811

to placeholders. Evaluation: Action exact match,812

slot F1, and format-error rate measure correctness813

and constraint compliance.814

Step Validation (Action Validity). Goal: De-815

cide whether a proposed procedural action is appro-816

priate and chemically plausible in context. Input:817

A context window and a candidate action statement818

(with the legend as needed). Output: Binary label819

(true/false). Rationale: Targets local procedural820

common sense and feasibility (e.g., skipping filtra-821

tion before concentration, drying an aqueous layer,822

incompatible additions). Evaluation: F1/Accuracy823

and calibration metrics (e.g., Brier, ECE), plus AU-824

ROC/AUPRC for imbalance settings.825

Condition Validation (Condition Reasoning). 826

Goal: Judge whether specified reaction conditions 827

(e.g., temperature, duration, atmosphere, dryness) 828

are reasonable for the described step. Input: Text 829

context including condition tokens and legend bind- 830

ings. Output: Binary label (true/false). Rationale: 831

Conditions determine feasibility and selectivity; 832

validating them requires linking procedural intent 833

to correct operating windows. Evaluation: As in 834

Step Validation, with emphasis on calibrated deci- 835

sion quality. 836

Contrastive Choice (Semantic Grounding un- 837

der Options). Goal: Select the correct option 838

among multiple candidates (e.g., reagent role, lim- 839

iting reagent, correct workup component), with 840

plausible distractors. Input: Context + options 841

(+ legend). Output: An option index (and op- 842

tionally the chosen token). Rationale: Tests se- 843

mantic grounding and role recognition: mapping 844

placeholders to functional roles and selecting the 845

chemically appropriate choice under controlled al- 846

ternatives. Evaluation: Top-1 accuracy and proba- 847

bilistic metrics such as log loss/ECE (and ranking 848

metrics when applicable). 849

Rationalization (Reaction Rationale / Explana- 850

tion). Goal: Produce a short explanation of why 851

an action, condition, or choice is correct in the pro- 852

cedure. Input: Context and the decision target 853

(e.g., why include an additive, why low tempera- 854

ture, why this wash). Output: A natural-language 855

rationale constrained to the provided context and 856

placeholders. Rationale: Probes causal explana- 857

tion that connects procedural choices to operational 858

or feasibility reasons (e.g., drying agents remove 859

water; base enables coupling; brine assists phase 860

separation). Different from full mechanism deriva- 861

tion, we treat this as reaction feasibility / condition- 862

cause explanation rather than complete mechanistic 863

proof. Evaluation: Coverage-oriented and seman- 864

tic similarity measures. 865
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C Example Prompt–Answer Pairs (Benchmark id=319)866

Table 4: One example per task type. Each row shows the prompt (input) and the corresponding answer (ground
truth).

Task Prompt / Answer

Ordering

Prompt:

{"version": "v1.0", "split": "test", "benchmark_id": 319, "task_id": "ordering_319_1", "task_type": "
ordering", "context": "Initial reagent setup before starting the coupling reaction.", "question": "
Arrange the following operations (identified by step_id) in the correct chronological order.", "
steps_to_order": [{"step_id": "0", "description": "Stir a mixture of $1$, $2$, and $5$ in $3$/$4$ to
obtain a homogeneous suspension."}, {"step_id": "1", "description": "Add the palladium catalyst $7$
to the reaction mixture."}, {"step_id": "2", "description": "Heat the reaction mixture to reflux to
initiate the Suzuki coupling."}], "options": null, "legend": {"$1$": "2-dimethylaminomethyl-

bromobenzene", "$2$": "4-(4, 4, 5, 5-tetramethyl-1, 3, 2-dioxaborolan-2-yl)aniline", "$3$": "toluene
", "$4$": "n-BuOH", "$5$": "Cs2CO3", "$7$": "Pd(PPh3)4", "$6$": "H2O"}}

Answer:

{"task_id": "ordering_319_1", "task_type": "ordering", "ground_truth": {"correct_order": ["0", "1", "2"],
"gold_explanation": "Reagents and base must be present before the catalyst is introduced; heating to
reflux can only commence after all coupling components are in solution."}}

Step Completion

Prompt:

{"version": "v1.0", "split": "test", "benchmark_id": 319, "task_id": "step_completion_319_1", "task_type":
"step_completion", "context": "Identify the missing charge of reagent at this point.", "question":

{"before_action": "ADD", "before": "Add $8$ to the reaction mixture.", "after_action": "
PHASESEPARATION", "after": "Allow the mixture to separate into distinct phases."}, "steps_to_order":
null, "options": null, "legend": {"$6$": "H2O", "$8$": "EtOAc"}}

Answer:

{"task_id": "step_completion_319_1", "task_type": "step_completion", "ground_truth": {"action": "ADD", "
slots": {"reagent": "$6$"}, "description_private": "Add $6$ to the reaction mixture."}}

Step Validation

Prompt:

{"version": "v1.0", "split": "test", "benchmark_id": 319, "task_id": "step_validation_319_2", "task_type":
"step_validation", "context": "Immediately after phase separation.", "question": "Is it acceptable

to skip the filtration step and proceed directly to concentration of the organic phase?", "
steps_to_order": null, "options": null, "legend": {}}

Answer:

{"task_id": "step_validation_319_2", "task_type": "step_validation", "ground_truth": {"label": false, "
explanation_private": "Particulate palladium black and Cs2CO3 fines can remain suspended; omitting
filtration would carry solids into the evaporator, risking contamination and bumping."}}

Condition Validation

Prompt:

{"version": "v1.0", "split": "test", "benchmark_id": 319, "task_id": "condition_validation_319_1", "
task_type": "condition_validation", "context": "Reflux in $3$/$4$ for 4 h.", "question": "Is a 4-
hour reflux a reasonable duration for this Pd-catalysed Suzuki coupling?", "steps_to_order": null, "
options": null, "legend": {"$3$": "toluene", "$4$": "n-BuOH"}}

Answer:

{"task_id": "condition_validation_319_1", "task_type": "condition_validation", "ground_truth": {"label":
true, "explanation_private": "Typical Suzuki reactions in heterogeneous solvent mixtures often
require 2-6 h at reflux to reach completion; 4 h is within standard practice."}}

Contrastive Choice

Prompt:

{"version": "v1.0", "split": "test", "benchmark_id": 319, "task_id": "contrastive_choice_319_1", "
task_type": "contrastive_choice", "context": "A Suzuki-Miyaura coupling is performed using 2-
dimethylaminomethyl-bromobenzene ($1$, 2.75 mmol) and 4-(4,4,5,5-tetramethyl-1,3,2-dioxaborolan-2-yl)
aniline ($2$, 2.56 mmol) with Cs2CO3 ($5$, 7.67 mmol) as base and Pd(PPh3)4 ($7$, 0.17 mmol) as
catalyst in toluene/n-BuOH.", "question": "Which reagent is the limiting reagent in this coupling
based on the stoichiometry given?", "steps_to_order": null, "options": ["$1$", "$2$", "$5$", "$7$"],
"legend": {"$1$": "2-dimethylaminomethyl-bromobenzene", "$2$": "4-(4, 4, 5, 5-tetramethyl-1, 3, 2-

dioxaborolan-2-yl)aniline", "$5$": "Cs2CO3", "$7$": "Pd(PPh3)4"}}

Answer:

{"task_id": "contrastive_choice_319_1", "task_type": "contrastive_choice", "ground_truth": {"
correct_option_idx": 1, "correct_choice": "$2$", "distractor_explanations": {"$1$": "Present in
slight excess (2.75 mmol), not limiting.", "$5$": "Base is used in large excess (7.67 mmol).", "$7$":
"Pd catalyst at 0.17 mmol is catalytic, not consumed stoichiometrically."}}}

14



Task Prompt / Answer

Rationalization

Prompt:

{"version": "v1.0", "split": "test", "benchmark_id": 319, "task_id": "rationalization_319_2", "task_type":
"rationalization", "context": "Chromatography uses 1% $11$ in the eluent.", "question": "What is

the purpose of adding 1 % $11$ to the $8$/hexanes mobile phase?", "steps_to_order": null, "options":
null, "legend": {"$11$": "TEA", "$8$": "EtOAc"}}

Answer:

{"task_id": "rationalization_319_2", "task_type": "rationalization", "ground_truth": {"gold_rationale": "
TEA suppresses silica surface acidity, preventing tailing and adsorption of the basic aniline
product, which would otherwise give broad or irreproducible bands."}}
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D Dataset Construction867

D.1 From structured procedure records to868

natural-language step renderings869

We render the canonicalized action sequences into870

action-grounded natural-language steps, pairing871

each step with an explicit action label from a fixed872

inventory (27 action types after integration and873

canonicalization in our datasets). This natural-874

language rendering provides a common, human-875

readable interface that aligns with instruction-tuned876

LLMs, enriches semantic cues (roles, intent, and877

procedural context), and supports both evaluation878

and training in realistic assistant settings. At the879

same time, the action tags and placeholder bindings880

keep the representation structured enough to allow881

strict parsing and machine-checkable constraints882

when instantiating tasks.883

PII and offensive content screening. We screen884

source text for potential personally identifying in-885

formation (PII) and offensive content using sim-886

ple pattern-based filters (e.g., email/URL/phone-887

number patterns) and spot checks. Any detected888

PII is removed during canonicalization; we release889

only processed procedure text and structured repre-890

sentations.891

D.2 Authoring system: rules, LLM-assisted892

instantiation, and quality control893

The authoring system combines deterministic pro-894

cessing with limited, schema-constrained LLM as-895

sistance (Fig. 3, Sector 2). Rule-based modules896

perform action consolidation, enforce placeholder–897

legend consistency, and apply option/constraint va-898

lidity checks, ensuring that each instance admits899

a machine-checkable target. On top of this nor-900

malized backbone, LLM-assisted instantiation fo-901

cuses on surface realization: it renders steps and902

prompts in more natural language and diversifies903

prompt phrasing while keeping the underlying con-904

straints and output space verifiable under a unified905

schema. Finally, a quality-control checkpoint runs906

automatic validators and triggers targeted human907

verification and re-annotation for flagged cases. To-908

gether, these components support a closed-loop909

workflow (evaluate → diagnose → fine-tune → re-910

evaluate) that can iteratively refine both task quality911

and model behavior.912

D.3 Benchmark and training pools913

We construct two reaction pools (Fig. 3, Sector 1):914

a 500-reaction benchmark pool for controlled evalu-915

ation, and a larger training pool of > 20k reactions 916

for downstream model adaptation. 917

CHEMREASON-BENCH (evaluation instances). 918

Using a human-designed template library with a 919

unified schema (Fig. 3, Sector 2), we instantiate 920

CHEMREASON-BENCH from the benchmark pool, 921

yielding 7306 verifiable task instances spanning six 922

task types (Fig. 6). 923

CHEMREASON-TUNE (training instances). 924

Using the same template library as a blueprint, 925

we instantiate a substantially larger training set 926

from the > 20k-reaction pool (Fig. 3, Sector 3B), 927

resulting in > 120k verifiable task instances. To 928

improve robustness under distribution shifts, we 929

allow controlled re-instantiation by combining 930

LLM generation with rule-based scripts (e.g., 931

varying surface realizations while preserving 932

underlying constraints), and serialize the resulting 933

instances into standard formats for instruction 934

tuning (SFT) and preference/format training (for 935

GRPO). 936

Usage in this paper. Unless otherwise specified, 937

all evaluation results in the main paper are reported 938

on CHEMREASON-BENCH, while the training pool 939

is used only for adaptation and auxiliary analyses. 940

Template-based instantiation. Each task tem- 941

plate specifies the evidence presented to the model 942

(context, candidates/options, and constraints such 943

as a schema and legend), the required output type, 944

and the evaluation protocol. Brief examples are 945

illustrated in Fig. 1, with additional instances and 946

formatting details deferred to Appendix C. 947

Intended use. CHEMREASON-BENCH is in- 948

tended for research on procedure-level reasoning 949

and evaluation; it is not a certification of laboratory 950

execution safety. 951

D.4 Chemical composition and coverage 952

analysis 953

Beyond reporting scale, we characterize the chem- 954

ical and procedural coverage of the benchmark 955

using heatmaps that cross-tabulate reaction types 956

(columns) against key chemical facets (rows); the 957

reaction-type taxonomy accounts for the vast ma- 958

jority of benchmark records, with a catch-all Other 959

category for rare or ambiguous cases. 960

Concretely, we report reaction-type-conditioned 961

frequencies over: (i) fine-grained product func- 962

tional groups (Fig. 8), (ii) coarse-grained prod- 963
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Figure 6: Distribution of ChemReason-Bench task in-
stances across six task types. Numbers above bars indi-
cate counts and the corresponding percentages; the total
number of instances is 7306.

uct functional-groups (Fig. 9a), (iii) key reagents964

(canonical SMILES; Fig. 10b), (iv) solvents (canon-965

ical SMILES; Fig. 10a), and (v) work-up reagents966

(Fig. 9b). Each cell denotes the percentage of reac-967

tions within a reaction type that contain the corre-968

sponding facet, highlighting both broad coverage969

(diverse non-zero bands) and specialization (con-970

centrated hotspots).971

We summarize record-level coverage using an972

any-hit criterion: a facet is counted as present if at973

least one canonical item is recognized in the corre-974

sponding field for a record. Under this definition,975

solvents and product functional groups achieve976

high coverage in the benchmark pool (e.g., 97.6%977

and 94.2%), whereas key reagents and work-up978

reagents are lower (e.g., 28.0% and 43.2%). This979

gap is expected because (i) “key reagent” is often980

context-dependent and may not be uniquely iden-981

tifiable in multi-reagent transformations under a982

strict operational definition, and (ii) our work-up983

extraction is conservative due to canonicalization984

constraints (e.g., a whitelist of reliably normalized985

reagents). Accordingly, we use these plots as cov-986

erage diagnostics rather than completeness claims,987

making explicit which chemical facets can be ex-988

tracted and compared consistently across heteroge-989

neous sources.990

Conditioning the heatmaps on reaction type991

(rows) improves interpretability by revealing which992

reagents/solvents/functional-group patterns con-993

centrate in particular families and how broadly the994

benchmark spans distinct chemistries.995

D.5 Action Types996

This appendix first enumerates the action inventory997

used throughout CHEMREASON-BENCH (Table 5),998

i.e., the full set of action tags available in our canon-999

ical procedure representation. We then report the1000

ADD COLLECTLAYER COLUMN

CONCENTRATE DEGAS DISTILL

DRYSOLID DRYSOLUTION EVAPORATE

EXTRACT FILTER MAKESOLUTION

MICROWAVE PARTITION PH

PHASESEPARATION QUENCH RECRYSTALLIZE

REFLUX SETTEMPERATURE SONICATE

STIR TRANSFER TRITURATE

WAIT WASH YIELD

Table 5: Action inventory (action space) used in
the canonical procedure representation throughout
CHEMREASON-BENCH (27 action types).

frequency distribution of missing action types in 1001

the STEP COMPLETION task: we count each oc- 1002

currence of an action tag that is masked as the 1003

prediction target across all STEP COMPLETION in- 1004

stances, and summarize actions by absolute counts 1005

and proportions. This statistic contextualizes the 1006

structured reconstruction setting by showing which 1007

operations are commonly required versus rare as 1008

completion targets. 1009

D.6 Chemical composition heatmaps 1010

E Metric Details 1011

E.1 Metrics Overview 1012

Ordering. We use pairwise_accuracy as the 1013

primary metric, measuring the fraction of cor- 1014

rectly ordered step pairs implied by the predic- 1015

tion. We additionally report exact_match and 1016

kendall_tau_norm to capture strict sequence cor- 1017

rectness and rank correlation. 1018

Step Completion. We evaluate structured step 1019

reconstruction using step_completion_score, 1020

which averages action_em and slot_f1. We fur- 1021

ther report format_error_rate to quantify invalid 1022

structured outputs (e.g., unparsable or missing re- 1023

quired fields). 1024

Step & Condition Validation. Both validation 1025

tasks are binary decisions. We report positive-class 1026

F1 (f1_positive) as the primary metric to balance 1027

precision and recall under potential class imbal- 1028

ance. Beyond thresholded accuracy, we include 1029

probability-sensitive metrics (brier (Brier, 1950), 1030

ece (Guo et al., 2017)) and threshold-free ranking 1031

metrics (auroc (Hanley and McNeil, 1982), auprc 1032

(Davis and Goadrich, 2006)). 1033

Contrastive Choice. For multiple-choice selec- 1034

tion, top1_accuracy is the primary metric. We 1035

17



Figure 7: Distribution of missing action types in STEP COMPLETION. Each bar shows the proportion of a
given action tag among all masked (to-be-predicted) actions (total missing actions: 1483), with the absolute
count annotated. Common targets include ADD, CONCENTRATE, and STIR, while long-tail targets (e.g., EVAPORATE,
SONICATE) occur rarely.

also report log_loss and mrr to reflect probabilis-1036

tic ranking quality, together with top-label ece to1037

assess calibration.1038

Rationalization. Rationales are evaluated pri-1039

marily by coverage_f1. We additionally report1040

overlap-based and embedding-based generation1041

metrics (rougeL_f1 (Lin, 2004), bleu (Papineni1042

et al., 2002), bert_score_f1 (Zhang et al., 2019)).1043
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Figure 8: Heatmap of reaction type versus product functional-group class (Frequency%).
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Figure 9: Supplementary heatmaps characterizing dataset composition across reaction types (I): functional groups
and work-up reagents.
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Figure 10: Supplementary heatmaps characterizing dataset composition across reaction types (II): solvents and key
reagents.
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E.2 Metric Formulas Per Task Types 1044

Table 6: Metric formulas used by the evaluator.

Task Reported metrics Formulas / definitions

Ordering

pairwise_accuracy (P)

exact_match

kendall_tau_norm

Notation: gold order T = [t1, . . . , tM ], prediction P = [p1, . . . ]. Filter invalid ids:
P ′ = ⟨p ∈ P : p ∈ T ⟩, n = |P ′|, and posT (x) is the index of x in T .
Pairwise accuracy:

PA =

0, n < 2
1(
n
2

) ∑
1≤a<b≤n 1

[
posT (P ′

a) < posT (P ′
b)
]
, otherwise

Exact match: EM = 1[P ≡ T ].
Normalized Kendall-τ :

C =
∑
a<b

1[posT (P
′
a) < posT (P

′
b)], D =

∑
a<b

1[posT (P
′
a) > posT (P

′
b)]

τ =
C − D

C + D
(C+D > 0), τnorm =

τ + 1

2
(else 0).

Step Completion

step_completion_score (P)

action_em

slot_f1

format_error_rate

Let predicted action âi and gold action ai.
Action exact match: ActionEM = 1

N

∑
i 1[âi = ai].

Slot F1: treat filled slots as a set/multiset of fields; compute per instance

F1i =
2TPi

2TPi + FPi + FNi

(else 0), SlotF1 =
1

N

∑
i

F1i,

where TP/FP/FN are counted by matching structured slots under the script’s normalization rules.
Format error rate: FER = 1

N

∑
i 1[format/unit invalid].

Step-completion score: (as implemented)

Raw = 0.8 · ActionEM + 0.2 · SlotF1, SCS = Raw · (1 − FER).

Step Validation

f1_positive (P)

accuracy

brier

ece

auroc

auprc

Let yi ∈ {0, 1} be gold, ŷi ∈ {0, 1} predicted label, si ∈ [0, 1] predicted score, N instances.
Accuracy: Acc = 1

N

∑
i 1[ŷi = yi].

Positive F1: TP =
∑

i 1[yi=1 ∧ ŷi=1], FP =
∑

i 1[yi=0 ∧ ŷi=1], FN =
∑

i 1[yi=1 ∧ ŷi=0],

P =
TP

TP + FP
, R =

TP

TP + FN
, F1

+
=

2PR

P + R
(else 0).

Brier: Brier = 1
N

∑
i(si − yi)

2.
ECE (10 bins): bi = min(B − 1, ⌊siB⌋), B=10. For bin b: nb =

∑
i 1[bi = b],

accb = 1
nb

∑
i:bi=b yi, confb = 1

nb

∑
i:bi=b si,

ECE =

B−1∑
b=0

nb

N
|accb − confb| .

AUROC (rank form): with tie-averaged ranks ri of si (ascending), n+ =
∑

i yi, n− = N − n+,
S+ =

∑
i:yi=1 ri,

AUROC =
S+ − n+(n++1)

2

n+n−
(undefined if n+ = 0 or n− = 0).

AUPRC (PR-curve area): sort by s descending; define precision/recall at each prefix and compute trapezoid
area over (Rec,Prec) points as in the script.

Condition Validation
f1_positive (P)
accuracy, brier, ece
auroc, auprc

Same as Step Validation (binary classification with score si and label yi): accuracy, f1_positive, brier,
ece (10 bins), auroc (rank form), auprc (PR area).

Continued on next page.
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Task Reported metrics Formulas / definitions

Contrastive Choice

top1_accuracy (P)

log_loss

mrr

ece

Let gold index yi ∈ {1, . . . , K}, predicted probs pi = (pi1, . . . , piK), and predicted top-1
ŷi = argmaxj pij .
Top-1 accuracy: Top1 = 1

N

∑
i 1[ŷi = yi].

Log loss: with ε = 10−15, p̃i = min(max(pi,yi
, ε), 1 − ε),

LogLoss =
1

N

∑
i

− log(p̃i).

MRR: rank options by descending pij ; let ranki be the 1-based rank of yi,

MRR =
1

N

∑
i

1

ranki

.

Top-label ECE (10 bins): confidence ci = maxj pij , correctness hi = 1[ŷi = yi], bin by
bi = min(B − 1, ⌊ciB⌋),

ECE =
∑
b

nb

N
|accb − confb| , accb =

1

nb

∑
i:bi=b

hi, confb =
1

nb

∑
i:bi=b

ci.

Rationalization

coverage_f1 (P)

rougeL_f1,

bleu,

bert_score_f1

Let token multiset of prediction be Pi and gold be Gi after the script’s text normalization. Overlap count:
ovi =

∑
w min(cntPi

(w), cntGi
(w)).

Coverage-F1: pi = ovi/|Pi|, ri = ovi/|Gi|, mi =
2piri
pi+ri

(else 0), and CoverageF1 = 1
N

∑
i mi.

ROUGE-L F1: Li = LCS(Pi, Gi), pi = Li/|Pi|, ri = Li/|Gi|, mi =
2piri
pi+ri

; report mean.
BLEU: 1–4gram clipped precision with smoothing + brevity penalty; report mean (as in script).
BERTScore-F1: mean of BERTScore F1 (if enabled/available).
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E.3 Evaluation Protocols for Discriminative1045

Tasks: gen vs. lm1046

ChemReason-Bench contains six task types, among1047

which three are discriminative (Step Validation,1048

Condition Validation, and Contrastive Choice). For1049

these tasks we adopt two complementary infer-1050

ence/evaluation protocols: gen (generation-style1051

decoding) and lm (LM-probing via next-token prob-1052

abilities). The two protocols provide two views of1053

model behavior: end-to-end generation with in-1054

struction following (gen) versus token-level prefer-1055

ence and probability assignment (lm).1056

E.3.1 Protocol A: gen (generation-style1057

decoding)1058

In gen, the model is allowed to generate a free-1059

form response (optionally including a rationale)1060

and a final decision. During evaluation, we parse1061

the generated text into a discrete label.1062

Binary validation. For Step/Condition Valida-1063

tion, the target is a binary label in {YES, NO}. We1064

parse the final decision from an explicit answer1065

field when present (e.g., <answer>YES</answer>),1066

otherwise from the first unambiguous occurrence1067

of YES/NO in the output.1068

Multiple-choice selection. For Contrastive1069

Choice, the model may output either an integer1070

index in {0, . . . , K-1} or an option string that1071

can be mapped back to an index. We parse the1072

predicted option accordingly; failures to produce a1073

valid index/text mapping are treated as incorrect.1074

Probability-based metrics under gen. When1075

probability-sensitive metrics (e.g., Brier score or1076

ECE) are reported under gen, we do not necessarily1077

have reliable probability vectors from the model. In1078

such cases we use a simple proxy distribution (e.g.,1079

a one-hot vector for the parsed decision, or a uni-1080

form distribution as a neutral fallback when parsing1081

fails). Therefore, probability-based metrics under1082

gen should be interpreted as coarse approximations1083

rather than faithful calibration measurements.1084

E.3.2 Protocol B: lm (LM-probing via1085

next-token probabilities)1086

In lm, we rewrite the task prompt to require1087

a single-token decision, and request token log-1088

probabilities (logprobs/top_logprobs). This re-1089

moves dependence on long-form generation and1090

focuses on the model’s local preference over the1091

decision space.1092

Binary validation. We construct a constrained 1093

prompt of the form: 1094

Respond with ONLY one token: YES or NO. 1095

Let Y = {YES, NO} denote the candidate set. We 1096

compute probabilities by normalizing over candi- 1097

dates: 1098

P (y) =
exp(ℓ(y))∑

y′∈Y exp(ℓ(y′))
, y ∈ Y, (1) 1099

where ℓ(y) is the logit (or log-prob) associated with 1100

candidate token y. We then define the score s = 1101

P (YES) and obtain a hard label by thresholding 1102

(e.g., ŷ = YES iff s ≥ 0.5). This protocol enables 1103

meaningful computation of probability-sensitive 1104

metrics such as Brier score and ECE. 1105

Multiple-choice selection. We construct a con- 1106

strained prompt requiring a single integer token: 1107

Respond with ONLY the integer index 1108
(0..K-1). 1109

Let I = {0, 1, . . . ,K − 1} denote the candidate 1110

indices. We compute a categorical distribution over 1111

indices: 1112

P (i) =
exp(ℓ(i))∑
j∈I exp(ℓ(j))

, i ∈ I, (2) 1113

and predict î = argmaxi P (i). The resulting prob- 1114

ability vector supports ranking- and calibration- 1115

related metrics (e.g., log loss, MRR, ECE). 1116

Sensitivity and robustness. Because lm uses 1117

next-token probabilities, it can be more sensitive to 1118

prompt phrasing and tokenization details than gen. 1119

However, it avoids long-form formatting errors and 1120

provides a direct probability view of the decision 1121

space. 1122

E.3.3 Why gen vs. lm can change metrics 1123

The two protocols can yield different discrete de- 1124

cisions on borderline examples due to different 1125

decision mechanisms. In gen, the final label is 1126

determined by the realized generated string (and 1127

parsing), whereas in lm the label is derived from 1128

P (·) under an explicit decision distribution. As a 1129

result, accuracy/F1 may differ between gen and lm, 1130

and probability-based metrics are typically more 1131

informative under lm. 1132
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E.3.4 Reporting gen/lm and computing1133

overall scores1134

For the three discriminative tasks, we report both1135

gen and lm results as “gen / lm” in tables. To obtain1136

a single scalar per task, we average the primary1137

metric across the two protocols:1138

mt =
1
2

(
m

gen
t +mlm

t

)
, t ∈ Tdisc. (3)1139

For the remaining tasks (Ordering, Step Comple-1140

tion, Rationalization), the scoring does not depend1141

on the gen/lm protocol (i.e., the evaluation is de-1142

fined on the structured prediction itself rather than1143

on next-token decision probabilities). Hence we1144

treat the two views as identical:1145

m
gen
t = mlm

t ≜ mt, t ∈ T \ Tdisc, (4)1146

and averaging over gen/lm leaves the score un-1147

changed. Finally, Primary-Overall macro-averages1148

the six task-level primary metrics with equal1149

weights:1150

Primary-Overall = 1
6

∑
t∈T

mt. (5)1151

E.3.5 Interpretation1152

We recommend interpreting gen as an end-to-end1153

measure of instruction-following and response for-1154

mation, and lm as a focused probe of token-level1155

preferences and probability quality on discrimina-1156

tive decisions. Reporting both views helps distin-1157

guish models that are strong at probability discrim-1158

ination but brittle in free-form generation (or vice1159

versa).1160

Unless otherwise noted, benchmark results are1161

obtained with deterministic decoding (temperature1162

= 0) under a fixed evaluation protocol; reported1163

scores are single-run evaluation results. For con-1164

trolled adaptation experiments, we report results1165

from a single training run with a fixed random seed1166

(seed=42).1167

F Complete Results Across All Metrics1168

This appendix reports the complete evaluation re-1169

sults for all models across every metric used in this1170

work. In addition to the primary metrics discussed1171

in the paper, we include the full set of task-level1172

and auxiliary metrics to enable transparent com-1173

parison and reproducibility. Tables are organized1174

consistently with the main text (model groups and1175

task order), and we recommend using the primary1176

metrics for headline comparison while treating sec-1177

ondary metrics as diagnostic signals for specific1178

error modes.1179

F.1 Models Evaluated 1180

Open-source general-purpose LLMs. 1181

• Llama-2 (Touvron et al., 2023) is an open- 1182

weights general-purpose LLM family; we 1183

evaluate its instruction-tuned variant. (locally 1184

hosted) 1185

• Llama-3.1 (Grattafiori et al., 2024) is a newer 1186

open-weights LLM family with improved gen- 1187

eral capabilities across model scales. (locally 1188

hosted) 1189

• Mixtral (Jiang et al., 2024) is a sparse 1190

mixture-of-experts LLM; we use the 1191

instruction-tuned variant as a strong open- 1192

source baseline. (locally hosted) 1193

• Phi-3-mini (Abdin et al., 2024) is a small 1194

general-purpose model optimized for strong 1195

accuracy at compact scale. (locally hosted) 1196

• Gemma-2 (Gemma Team, 2024) is an open- 1197

weights model family released by Google; we 1198

evaluate the instruction-tuned checkpoint. (lo- 1199

cally hosted) 1200

• Qwen-2.5 (Qwen Team, 2024) is an open- 1201

weights model family spanning multiple sizes; 1202

we evaluate instruction-tuned variants. (lo- 1203

cally hosted) 1204

• DeepSeek-v3.2 (DeepSeek-AI, 2025) is a 1205

large-scale open model; we include it as a 1206

high-capacity open baseline accessed via API. 1207

Proprietary API models. 1208

• Claude Sonnet 4 (Anthropic, 2025) is a pro- 1209

prietary instruction-following model accessed 1210

via API. 1211

• Gemini-2.5-Flash (Comanici et al., 2025) is a 1212

proprietary Gemini-2.5 series model accessed 1213

via API. 1214

• GPT-4o (Hurst et al., 2024) is a proprietary 1215

multimodal model; we use its text interface 1216

for all tasks. 1217

• GPT-5.2 (OpenAI, 2025) is a proprietary 1218

model accessed via API. 1219

• Grok-4 (xAI, 2025) is a proprietary model 1220

accessed via API. 1221
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• Qwen-3-max (Yang et al., 2025) is a hosted1222

large Qwen3-series model variant accessed1223

via API.1224

Domain-specific chemistry models.1225

• ChemLLM (Zhang et al., 2024) is a1226

chemistry-specialized dialogue LLM trained1227

with chemistry instruction tuning and ac-1228

companied by chemistry-focused data/bench-1229

marks; we include it as a representative1230

chemistry-native baseline. (locally hosted)1231

• LlaSMol (Yu et al., 2024) is a chemistry-1232

oriented instruction-tuned model built on a1233

large, task-diverse small-molecule instruction1234

dataset, targeting broad chemistry understand-1235

ing and reasoning. (locally hosted)1236

• KALE (Dai et al., 2024) is a knowledge- and1237

logic-enhanced model series for science, with1238

chemistry-specialized variants; we evaluate it1239

as a domain-adapted chemistry baseline. (lo-1240

cally hosted)1241

• ChemDFM (Zhao et al., 2025b) is a chem-1242

istry foundation model trained on chemistry-1243

centric corpora and further instruction-tuned1244

for chemistry problem solving; we evaluate it1245

as a strong domain-specific baseline. (locally1246

hosted)1247

F.2 complete evaluation results across every1248

metric1249
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Model Size Ordering

Primary metric↑ PairAcc↑ EM↑ Kendall-τnorm ↑

Open-source Models

Llama-2 7B 52.27 52.27 18.64 52.27
Mixtral-v0.2 7B 64.58 64.58 37.44 64.58
Phi-3-mini 7B 79.83 79.83 52.13 79.83
Qwen-2.5 7B 78.74 78.74 49.92 78.74
Llama-3.1 8B 73.14 73.14 40.60 73.14
Gemma-2 9B 83.92 83.92 57.58 83.92
Llama-3.1 70B 88.55 88.55 71.17 88.55
Qwen-2.5 72B 91.32 91.32 76.78 91.32
DeepSeek-v3.2 685B 91.53 91.53 76.86 91.53

Proprietary Models

Claude-Sonnet-4 – 94.00 94.00 84.60 94.00
Gemini-2.5-Flash – 92.46 92.46 82.07 92.46
GPT-4o – 92.90 92.90 80.92 92.90
GPT-5.2 – 94.40 94.40 85.39 94.40
Grok-4 – 90.02 90.02 74.29 90.02
Qwen-3-max – 93.78 93.78 83.49 93.78

Domain-Specific Models

ChemLLM 7B 56.93 56.93 18.40 56.93
LlaSMol 7B 0.50 0.50 0.32 0.50
KALE 8B 76.25 76.25 46.68 76.25
ChemDFM 13B 14.86 14.86 5.29 14.86

Table 7: Detailed results for Ordering on CHEMREASON-BENCH. Primary metric is the normalized task
composite used in Table 2; the remaining columns report the primary and secondary metrics (Section 5).
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Model Size Step Validation

Primary metric↑ F1+↑ Acc↑ Brier↓ ECE↓ AUROC↑ AUPRC↑

Open-source Models

Llama-2 7B 59.36 66.84 / 51.88 55.84 / 49.74 23.22 / 26.23 17.25 / 8.30 73.55 / 50.17 67.36 / 44.03
Mixtral-v0.2 7B 50.46 69.43 / 31.50 68.47 / 62.11 22.59 / 36.22 13.38 / 36.76 72.26 / 80.53 68.63 / 78.51
Phi-3-mini 7B 44.72 72.46 / 16.98 70.99 / 58.28 22.03 / 30.68 16.55 / 33.11 76.27 / 82.45 69.39 / 80.50
Qwen-2.5 7B 72.23 75.10 / 69.35 72.91 / 76.83 19.00 / 20.37 12.24 / 19.22 80.92 / 87.05 74.87 / 85.34
Llama-3.1 8B 58.18 70.90 / 45.45 72.82 / 66.55 22.62 / 22.61 16.41 / 22.73 74.61 / 84.68 68.82 / 81.21
Gemma-2 9B 72.42 69.51 / 75.34 76.31 / 79.36 18.93 / 17.95 15.44 / 16.77 81.84 / 88.18 78.61 / 86.44
Llama-3.1 70B 53.36 62.62 / 44.09 73.69 / 66.64 25.99 / 25.76 24.80 / 28.26 72.15 / 88.14 74.14 / 86.34
Qwen-2.5 72B 79.41 80.47 / 78.36 81.01 / 82.06 13.95 / 15.19 7.50 / 13.15 87.64 / 90.72 83.84 / 89.50
DeepSeek-v3.2 685B 70.60 70.60 / - 77.87 / - 16.46 / - 11.65 / - 85.14 / - 84.00 / -

Proprietary Models

Claude-Sonnet-4 – 76.43 76.43 / - 81.36 / - 14.13 / - 8.60 / - 88.07 / - 86.55 / -
Gemini-2.5-Flash – 76.45 76.45 / - 80.84 / - 15.89 / - 13.34 / - 87.41 / - 84.58 / -
GPT-4o – 78.63 82.54 / 74.73 82.75 / 79.97 13.54 / 16.87 7.34 / 15.40 88.06 / 90.15 81.13 / 88.25
GPT-5.2 – 73.17 80.16 / 66.18 82.40 / 75.61 12.94 / 20.64 4.96 / 19.69 89.72 / 89.14 85.21 / 87.77
Grok-4 – 79.81 81.76 / 77.87 83.71 / 81.53 13.55 / 16.83 7.79 / 15.92 87.81 / 88.65 81.99 / 88.00
Qwen-3-max – 74.78 73.31 / 76.24 79.70 / 81.27 15.16 / 17.65 11.36 / 17.38 88.09 / 90.39 84.69 / 89.38

Domain-Specific Models

ChemLLM 7B 34.89 28.13 / 41.66 59.06 / 63.15 40.03 / 22.47 39.51 / 7.55 55.94 / 72.46 54.76 / 68.99
LlaSMol 7B 30.89 61.78 / 0.00 45.47 / 54.36 26.07 / 44.70 6.32 / 44.59 49.30 / 49.80 43.21 / 46.21
KALE 8B 60.32 57.78 / 62.87 66.90 / 68.21 31.18 / 20.72 29.27 / 7.16 65.51 / 75.34 58.43 / 68.74
ChemDFM 13B 38.03 62.76 / 13.31 52.44 / 51.22 25.05 / 28.40 6.80 / 15.12 57.45 / 44.64 53.57 / 41.42

Table 8: Detailed results for Step Validation on CHEMREASON-BENCH. Primary metric is the normalized
task composite used in Table 2; the remaining columns report the primary and secondary metrics (Section 5).
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Model Size Condition Validation

Primary metric↑ F1+↑ Acc↑ Brier↓ ECE↓ AUROC↑ AUPRC↑

Open-source Models

Llama-2 7B 74.81 74.93 / 74.70 62.13 / 65.80 22.33 / 21.37 14.28 / 8.25 73.08 / 73.48 74.36 / 75.91
Mixtral-v0.2 7B 52.22 80.55 / 23.88 73.41 / 49.78 20.08 / 47.05 13.53 / 48.41 73.49 / 85.18 78.27 / 85.07
Phi-3-mini 7B 51.86 83.33 / 20.39 77.62 / 48.97 16.26 / 31.38 10.12 / 37.18 85.14 / 88.27 86.68 / 89.96
Qwen-2.5 7B 82.95 80.85 / 85.06 73.23 / 83.17 16.87 / 13.98 14.40 / 12.22 86.58 / 90.01 86.59 / 89.73
Llama-3.1 8B 71.30 80.80 / 61.79 74.22 / 66.79 16.99 / 21.05 6.93 / 23.55 81.32 / 87.51 83.56 / 89.24
Gemma-2 9B 82.29 82.09 / 82.49 80.39 / 80.57 15.64 / 16.30 11.06 / 14.51 85.59 / 88.37 86.95 / 88.77
Llama-3.1 70B 72.99 82.71 / 63.27 81.47 / 68.40 17.64 / 22.08 14.41 / 27.53 83.94 / 91.60 88.69 / 92.24
Qwen-2.5 72B 87.24 88.60 / 85.88 86.03 / 84.78 11.26 / 12.34 11.36 / 11.06 91.91 / 93.04 91.43 / 93.05
DeepSeek-v3.2 685B 79.93 79.93 / - 79.59 / - 15.59 / - 11.69 / - 85.48 / - 88.17 / -

Proprietary Models

Claude-Sonnet-4 – 80.73 80.73 / - 80.13 / - 15.13 / - 9.47 / - 86.02 / - 88.76 / -
Gemini-2.5-Flash – 86.89 86.89 / - 85.41 / - 12.67 / - 8.00 / - 89.20 / - 90.05 / -
GPT-4o – 83.34 87.21 / 79.48 84.24 / 78.96 11.91 / 16.45 10.43 / 16.12 91.30 / 90.75 92.12 / 91.38
GPT-5.2 – 84.40 83.74 / 85.07 81.29 / 84.06 13.88 / 13.31 6.14 / 12.18 87.34 / 92.70 86.91 / 93.16
Grok-4 – 85.78 87.01 / 84.56 85.14 / 83.62 12.02 / 14.83 5.20 / 13.92 89.48 / 91.06 90.30 / 92.37
Qwen-3-max – 80.14 78.03 / 82.26 78.07 / 81.47 15.34 / 17.51 10.39 / 17.35 86.59 / 91.67 89.16 / 92.11

Domain-Specific Models

ChemLLM 7B 57.55 45.09 / 70.02 55.95 / 70.64 42.57 / 18.13 40.22 / 3.95 59.88 / 83.98 71.40 / 86.22
LlaSMol 7B 35.04 70.09 / 0.00 54.61 / 42.70 27.86 / 56.30 10.58 / 56.36 47.64 / 31.23 58.96 / 45.05
KALE 8B 71.54 65.11 / 77.97 65.26 / 73.59 35.45 / 19.46 36.17 / 11.66 66.75 / 79.50 71.00 / 81.03
ChemDFM 13B 39.68 73.15 / 6.22 60.70 / 37.87 25.58 / 34.05 11.47 / 30.72 56.96 / 40.25 66.03 / 48.81

Table 9: Detailed results for Condition Validation on CHEMREASON-BENCH. Primary metric is the
normalized task composite used in Table 2; the remaining columns report the primary and secondary metrics
(Section 5).
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Model Size Contrastive Choice

Primary metric↑ Top1Acc↑ LogLoss↓ MRR↑ ECE↓

Open-source Models

Llama-2 7B 19.41 24.05 / 14.76 2229.14 / 188.64 51.73 / 44.24 65.16 / 41.43
Mixtral-v0.2 7B 54.18 55.71 / 52.65 1493.40 / 207.51 60.74 / 70.78 55.32 / 34.42
Phi-3-mini 7B 55.15 59.24 / 51.07 232.06 / 110.15 58.24 / 70.74 43.77 / 12.37
Qwen-2.5 7B 64.53 63.42 / 65.65 281.81 / 261.19 61.27 / 79.53 51.25 / 29.31
Llama-3.1 8B 61.98 62.58 / 61.37 683.39 / 109.15 57.14 / 76.84 56.36 / 8.45
Gemma-2 9B 69.13 67.50 / 70.75 2137.46 / 128.73 53.60 / 83.05 73.77 / 21.34
Llama-3.1 70B 79.25 77.25 / 81.24 463.37 / 56.59 83.64 / 89.15 16.08 / 6.59
Qwen-2.5 72B 78.88 77.25 / 80.50 363.51 / 118.37 83.11 / 88.94 17.78 / 15.92
DeepSeek-v3.2 685B 81.52 81.52 / - 97.74 / - 88.50 / - 4.26 / -

Proprietary Models

Claude-Sonnet-4 – 73.82 73.82 / - 526.00 / - 83.80 / - 9.76 / -
Gemini-2.5-Flash – 82.27 82.27 / - 145.37 / - 88.62 / - 4.51 / -
GPT-4o – 84.91 83.94 / 85.89 79.00 / 74.24 88.97 / 91.98 8.76 / 10.37
GPT-5.2 – 88.72 88.67 / 88.77 45.45 / 63.85 92.88 / 93.75 2.10 / 9.09
Grok-4 – 78.27 78.09 / 78.46 140.56 / 145.92 85.73 / 87.60 8.91 / 17.48
Qwen-3-max – 80.78 79.20 / 82.36 128.75 / 144.60 87.19 / 89.94 6.77 / 16.11

Domain-Specific Models

ChemLLM 7B 48.42 44.38 / 52.46 2495.64 / 112.44 51.97 / 71.88 70.62 / 12.86
LlaSMol 7B 18.48 1.58 / 35.38 3387.83 / 139.48 48.45 / 58.31 17.24 / 8.52
KALE 8B 63.37 60.17 / 66.57 1354.96 / 90.20 74.57 / 80.33 39.53 / 15.17
ChemDFM 13B 32.64 25.72 / 39.55 2565.55 / 129.60 58.39 / 63.16 30.73 / 2.47

Table 10: Detailed results for Contrastive Choice on CHEMREASON-BENCH. Primary metric is the normalized
task composite used in Table 2; the remaining columns report the primary and secondary metrics (Section 5).
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Model Size Step Completion

Primary metric↑ Action-EM↑ Slot-F1↑ FormatErr↓

Open-source Models

Llama-2 7B 6.04 6.04 5.39 8.69
Mixtral-v0.2 7B 4.68 4.68 5.19 2.61
Phi-3-mini 7B 5.30 5.30 5.39 5.33
Qwen-2.5 7B 7.25 7.25 8.16 5.15
Llama-3.1 8B 9.22 9.22 11.19 2.05
Gemma-2 9B 11.54 11.54 12.81 6.82
Llama-3.1 70B 16.06 16.06 19.02 6.00
Qwen-2.5 72B 25.73 25.73 29.67 12.10
DeepSeek-v3.2 685B 36.32 36.32 43.02 10.11

Proprietary Models

Claude-Sonnet-4 – 43.63 43.63 51.18 13.43
Gemini-2.5-Flash – 35.74 35.74 41.74 11.86
GPT-4o – 23.72 23.72 27.98 6.70
GPT-5.2 – 51.65 51.65 60.25 17.25
Grok-4 – 35.48 35.48 40.56 15.39
Qwen-3-max – 30.54 30.54 35.17 12.26

Domain-Specific Models

ChemLLM 7B 4.19 4.19 4.92 1.35
LlaSMol 7B 0.00 0.00 0.00 0.00
KALE 8B 5.26 5.26 6.54 3.10
ChemDFM 13B 0.60 0.60 0.54 0.86

Table 11: Detailed results for Step Completion on CHEMREASON-BENCH. Primary metric is the normalized
task composite used in Table 2; the remaining columns report the primary and secondary metrics (Section 5).

30



Model Size Rationalization

Primary metric↑ Cov-F1↑ ROUGE-L F1↑ BLEU↑ BERTScore-F1↑

Open-source Models

Llama-2 7B 19.57 19.57 20.71 2.72 1.80
Mixtral-v0.2 7B 20.28 20.28 20.23 2.30 15.92
Phi-3-mini 7B 24.19 24.19 23.28 3.08 24.09
Qwen-2.5 7B 17.96 17.96 18.48 1.03 20.26
Llama-3.1 8B 22.87 22.87 23.21 3.29 22.48
Gemma-2 9B 21.15 21.15 20.82 1.06 23.38
Llama-3.1 70B 26.21 26.21 24.66 4.42 25.90
Qwen-2.5 72B 25.31 25.31 24.40 3.02 26.50
DeepSeek-v3.2 685B 31.33 31.33 27.20 5.41 29.80

Proprietary Models

Claude-Sonnet-4 – 30.74 30.74 27.05 4.95 29.56
Gemini-2.5-Flash – 28.83 28.83 25.88 4.97 27.72
GPT-4o – 27.87 27.87 26.18 4.41 28.10
GPT-5.2 – 29.45 29.45 25.19 3.30 27.37
Grok-4 – 30.05 30.05 25.19 5.90 26.73
Qwen-3-max – 30.46 30.46 26.17 5.24 29.20

Domain-Specific Models

ChemLLM 7B 15.84 15.84 17.72 1.96 0
LlaSMol 7B 1.31 1.31 2.12 0.16 0
KALE 8B 18.52 18.52 20.85 2.04 0
ChemDFM 13B 7.88 7.88 8.18 1.04 0

Table 12: Detailed results for Rationalization on CHEMREASON-BENCH. Primary metric is the normalized
task composite used in Table 2; the remaining columns report the primary and secondary metrics (Section 5).
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G Fine-Tuning Details:1250

CHEMREASON-TUNE, SFT, and1251

GRPO1252

This appendix documents the fine-tuning data con-1253

struction, splits, and training objectives used to1254

adapt LLMs using CHEMREASON’s verifiable task1255

interface.1256

G.1 Fine-Tuning Data Construction and1257

Splits1258

Reaction pools and instance scale. We construct1259

two reaction pools (Fig. 3, Sector 1): (i) a 500-1260

reaction benchmark pool for evaluation, and (ii) a1261

> 20k-reaction training pool for adaptation. From1262

the training pool, we instantiate > 120k verifiable1263

task instances (denoted CHEMREASON-TUNE) by1264

reusing the same expert-designed template library1265

and unified schemas that define evaluation (Fig. 3,1266

Sectors 2–3).1267

Template-based instantiation with unified1268

schemas. Each task type is defined by a template1269

that specifies: (i) the evidence shown to the model1270

(context, candidates/options, and constraints such1271

as schema and legend), (ii) the required output type,1272

and (iii) the evaluation/reward protocol. Instances1273

are serialized into structured targets (e.g., JSON1274

fields for label/index/order, or action+slots for1275

step completion), enabling deterministic parsing1276

and validator-based checking.1277

Controlled re-instantiation. To improve robust-1278

ness and reduce overfitting to a single prompt1279

surface, we allow controlled surface-level re-1280

instantiation for training: prompt contexts may1281

be paraphrased or lightly diversified, while pre-1282

serving the underlying constraints (schema validity,1283

legend/placeholder bindings, and gold labels). All1284

generated variants are passed through the same rule-1285

based validators; invalid or constraint-violating1286

variants are filtered out before training.1287

G.2 Training Details1288

Hardware. All fine-tuning experiments were run1289

on 4× NVIDIA A800 GPUs with mixed-precision1290

training (bf16).1291

Model and parameterization. We fine-tune1292

instruction-tuned backbones using LoRA adapters1293

(rank r=16, α=32, dropout = 0.05) applied to1294

the attention and MLP projection modules (q/k/v/o1295

and gate/up/down projections). We use bfloat161296

parameters and standard SDPA attention.1297

Data. We train on CHEMREASON-TUNE JSONL 1298

splits for SFT and GRPO. RL/GRPO uses task in- 1299

stances paired with ground truth so that rewards can 1300

be computed by deterministic parsers/validators. 1301

Supervised fine-tuning (SFT). SFT is run for 1302

4 epochs with AdamW, learning rate 5 × 10−6, 1303

weight decay 0.01, warmup ratio 0.1, and gradient 1304

clipping at 1.0. We use per-device batch size 4 with 1305

gradient accumulation 4 (effective batch size 16 1306

per step) and a maximum sequence length of 2048. 1307

We evaluate and save checkpoints every 500 steps 1308

and log every 50 steps. 1309

GRPO stage. GRPO is run for 2000 optimiza- 1310

tion steps with learning rate 5× 10−7, per-device 1311

batch size 4. For each prompt, we sample 4 can- 1312

didate generations and compute verifiable rewards 1313

using deterministic parsers and validators aligned 1314

with each task type (Appendix Table 13). Prompts 1315

are truncated to 2048 tokens and generations are 1316

capped at 512 tokens. We use temperature 0.7 1317

with nucleus sampling (p=0.9) and top-k=50, KL 1318

penalty coefficient β=0.1, and PPO-style clipping 1319

with clip range 0.2. We evaluate every 100 steps, 1320

save every 50 steps, and log every 10 steps. All 1321

runs use a fixed random seed (42). 1322

Splitting and leakage control. We split data at 1323

the reaction-record level (not at the instance level): 1324

all task instances derived from the same reaction 1325

record are assigned to the same split. This pre- 1326

vents near-duplicate leakage across splits and en- 1327

sures that generalization is measured over reactions 1328

rather than reaction-specific artifacts. Unless other- 1329

wise specified, evaluation results in the main paper 1330

are reported on the 500-reaction benchmark pool 1331

only; the larger pool is used exclusively for training 1332

and auxiliary analyses. 1333

G.3 Supervised Fine-Tuning (SFT) 1334

Objective. Let (xi, yi) be the prompt and the ref- 1335

erence structured output (serialized as a token se- 1336

quence) for instance i. We apply standard teacher- 1337

forcing with a causal language modeling objective 1338

and compute the loss only over the target region: 1339

LSFT(θ) = − 1

N

N∑
i=1

|yi|∑
t=1

log pθ(yi,t | xi, yi,<t) .

(6) 1340

SFT primarily teaches (i) instruction following for 1341

each task format and (ii) schema-valid, parseable 1342

structured outputs under the unified interface. 1343
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G.4 GRPO Fine-Tuning with Verifiable1344

Rewards1345

Verifiable rewards. For each task type, we de-1346

fine a scalar reward r(x, y) ∈ [0, 1] computed by1347

deterministic parsing and validation of the model1348

output, followed by task-specific scoring. Invalid1349

or schema-violating outputs receive zero reward1350

by construction. A consolidated specification of1351

reward functions and edge cases is provided in Ap-1352

pendix Table 13.1353

Group sampling and advantage normalization.1354

Given a prompt x, we sample a group of K candi-1355

date completions {y(k)}Kk=1 from the current policy.1356

We compute rewards {r(k)} and form normalized1357

within-group advantages:1358

A(k) =
r(x, y(k))− µr

σr + ϵ
, (7)1359

1360

µr =
1

K

K∑
k=1

r(x, y(k)), (8)1361

1362

σ2
r =

1

K

K∑
k=1

(
r(x, y(k))− µr

)2
. (9)1363

Optimization objective with regularization.1364

We optimize a reward-weighted objective with a1365

KL regularizer to prevent excessive drift from a1366

reference policy (typically the SFT checkpoint):1367

max
θ

Ex

[
1

K

K∑
k=1

A(k) log pθ

(
y(k) | x

)
− βKL(pθ(· | x) ∥ pref(· | x))

]
.

(10)1368

Because rewards are computed via strict parser-1369

s/validators, GRPO directly reinforces constraint-1370

satisfying procedural behavior: correct discrete de-1371

cisions for discriminative tasks, accurate structured1372

reconstruction for step completion, and faithful1373

placeholder/legend bindings.1374

Consistency between training and evaluation.1375

We maintain a consistent interface across the1376

pipeline: the same schemas, parsers, canonicaliza-1377

tion rules, and validation logic used for evaluation1378

are also used to compute rewards during GRPO.1379

This alignment ensures that improvements from1380

fine-tuning translate to measurable gains under the1381

benchmark’s scoring protocol.1382

Implementation details. In each micro-step, we 1383

pass labels to the causal LM and use the re- 1384

turned outputs.loss (already averaged over un- 1385

masked tokens) as the training loss; for gra- 1386

dient accumulation, the micro-loss is scaled 1387

by gradient_accumulation_steps before back- 1388

propagation. :contentReference[oaicite:2]index=2 1389

For evaluation, we aggregate a token-weighted av- 1390

erage loss by multiplying outputs.loss with the 1391

number of valid (unmasked) tokens and dividing by 1392

the total valid tokens across batches; perplexity is 1393

computed as exp(avg_loss) (with a numeric cap). 1394

:contentReference[oaicite:3]index=3 1395
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G.5 GRPO Reward Functions1396
Table 13: ChemReason-Bench (GRPO-aligned) reward functions by task.

Task Prediction schema (after parsing) Reward definition and key details / edge cases

ordering {predicted_order: [str]}

Pairwise accuracy:

r =
#{(i, j) : i < j, πpred(si) < πpred(sj)}

#{(i, j) : i < j}

where (si) is the gold correct_order.
Cleaning: filter predicted ids to those in gold; if at least one valid id was predicted, append any
missing gold ids in gold order.
Degenerate: if gold length < 2, reward = 1.0; if prediction is empty / has no valid ids, reward
= 0.0.

contrastive_choice
{predicted_option_idx: int}
(optionally probs,
predicted_choice)

Hard reward (exact match):
r = ⊮

[
k̂ = k

∗]
(0/1 accuracy on option index).
Note: current implementation is exact-match; comments indicate a future version may restore a
softer reward using calibrated probabilities.

step_validation
{label: bool} (score optional;
ignored by reward)

Hard reward (label match):
r = ⊮

[
ŷ = y

∗]
(0/1 correctness).
Reward does not use calibrated score; only label correctness matters. Missing label ⇒ 0.

condition_validation
{label: bool} (score optional;
ignored by reward)

Hard reward (label match):
r = ⊮

[
ŷ = y

∗]
(0/1 correctness).
Same reward function as step_validation. Missing label ⇒ 0.

step_completion {action: str, slots: dict}

Structured reconstruction:

r = 0.5 · EM(action) + 0.5 · F1slots

with fatal error ⇒ 0.
Protection 1: if gold action is non-empty but predicted action is empty or not in the allowed action
space ⇒ r = 0.
Slots canonicalization: merge aliases to reagent; map names to placeholders via legend; parse
amounts into amount_value/unit; detect temperature/duration tokens (## / @ @).
Slot F1: token fields by exact match; reagent placeholders via (multi)set overlap; numeric fields via
tolerance; units are normalized and illegal units trigger a fatal flag ⇒ r = 0.
Protection 2: if both gold and pred slots are empty, then F1slots = 1 iff action EM is 1, else 0.

rationalization {gold_rationale: str}

Token-based soft reward:

r = 0.5 · coverage + 0.5 ·
√
F1

then apply a length prior and clamp to [0, 1].
Tokens are normalized (lowercase, strip punctuation) and stopwords are removed.
Coverage: fraction of unique gold tokens appearing in prediction.
Smoothing: use

√
F1 to avoid tiny F1 collapsing gradients.

Length prior: if predicted tokens < 5, reward ×0.5; if > 150, reward ×0.9; empty output ⇒ 0.

1397

G.6 Finetuning Results1398
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Model Size Overall Order Contrast Step-Val Cond-Val Step-Comp Ration.

↑ PairAcc.↑ Top1Acc.↑ (lm) F1+↑ (lm) F1+↑ (lm) SC-Score↑ CovF1↑

Qwen-2.5 72B 64.65 91.32 80.50 78.36 85.88 25.73 25.31
GPT-4o - 65.23 92.90 85.89 74.73 79.48 23.72 27.87
GPT-5.2 - 70.30 94.40 88.77 66.18 85.07 51.65 29.45

Qwen-2.5 7B 53.94 78.74 65.65 69.35 85.06 7.25 17.96
+SFT 7B 65.35 92.04 71.31 66.27 89.51 49.16 23.81
+SFT+GRPO 7B 65.25 91.69 71.40 64.96 89.60 49.27 24.58

Llama-3.1 8B 49.45 73.14 61.37 45.45 61.79 9.23 22.87
+SFT 8B 60.02 92.00 62.02 52.39 75.49 52.91 25.34
+SFT+GRPO 8B 60.70 92.11 62.58 53.81 76.91 53.54 25.24

Gemma-2 9B 56.74 83.92 70.75 75.34 82.49 11.54 21.15
+SFT 9B 67.55 93.00 71.77 74.51 86.96 53.36 25.71
+SFT+GRPO 9B 67.44 92.74 71.87 73.80 86.77 54.08 25.41

Table 14: Comparison of base vs. fine-tuned variants on three representative open-source models, together with the
best-performing baseline model for each task. For discriminative tasks, scores are reported in lm mode.
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