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ABSTRACT

Chemical reasoning language models are expected to derive molecular answers1

through faithful chain-of-thought (CoT). However, across four reasoning model fam-2

ilies and twelve chemistry tasks, hallucination is widespread and largely decoupled3

from answer correctness: correct answers often coexist with fabricated structural4

claims absent from the relevant molecules. Yet this does not make the reasoning5

trace computationally irrelevant. Attribution analyses suggest a shared scratchpad6

function expressed in model-specific forms: Chem-R and ether-0 rely on fragmented7

SMILES drafts, whereas ChemDFM-R emphasizes scaffold, positional, and naming8

cues. Notably, perturbing Chem-R’s SMILES sketches degrades generation, show-9

ing that structural drafts can be causally load-bearing even when verbal structural10

claims are largely inert. Together, these results show that chemical CoT is neither a11

faithful explanation nor merely a post-hoc rationalization, but a hallucination-prone12

molecular scratchpad. This finding cautions against treating CoT as direct evidence13

of faithful reasoning and motivates process-level supervision beyond answer-only14

evaluation.15
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1 Introduction16

Chain-of-thought (CoT) reasoning (Wei et al., 2022; Yeo et al., 2025; Chen et al., 2026) has become17

a widely adopted paradigm for eliciting intermediate reasoning process in large language models18

(LLMs). In science, it is appealing because a model returns not only an answer but also a rationale19

that a human expert can inspect (Zhao et al., 2025a; Li et al., 2025; Wang et al., 2026; Zhao et al.,20

2025b). However, whether that rationale can be trusted is difficult to test. In natural-language21

reasoning, claims may be fact-checkable, but intermediate rationales are rarely grounded in a formal22

object that permits systematic verification (Jacovi & Goldberg, 2020; Lyu et al., 2023; Turpin23

et al., 2023; Lanham et al., 2023). Chemistry provides such a referent: when a model claims that24

a molecule contains a carboxylic acid or retains an amide, the statement can be checked directly25

against the molecular graph (Li et al., 2026). Chemical reasoning therefore offers CoT traces whose26

explicit claims can be verified against molecular structures, providing a direct test of whether these27

models reason as their explanations suggest.28

Here we treat chemical rationales as collections of testable molecular structural claims. We29

mainly focus on functional-group-level claims, which are frequent in chemical rationales and can30

be evaluated reliably by exact structure matching. We developed a molecular claim-grounding31

framework that parses each response into a reasoning trace and a final answer, extracts chemical32

claims from the trace, and checks each claim against the task-relevant structures. The framework33

isolates a particularly diagnostic failure: a functional group asserted in the trace but absent from34

the input, predicted molecule and reference. We term this an extrinsic reasoning fabrication (ER),35

which directly exposes a mismatch between the model’s stated reasoning and the task-relevant36

molecular structures.37

Applied to four reasoning model families (Guo et al., 2025; Zhao et al., 2025b; Wang et al., 2026;38

Narayanan et al., 2025) across twelve generative molecular tasks, the framework shows that these39

hallucinations are widespread, arising even in responses whose final molecule is exactly correct.40

Taking text-to-molecule generation on the ChEBI-20 benchmark (Edwards et al., 2022; 2021) as41
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an example, 35% of Chem-R (Wang et al., 2026) reasoning traces contain at least one fabricated42

functional-group claim. Specifically, 13% of Chem-R responses on this task are both exactly correct43

and accompanied by at least one such fabrication. Moreover, fabrication is nearly uncorrelated with44

correctness, with the absolute Pearson correlation between the fabrication score and exact match45

below 0.02. Thus, a model can get the molecule right while misstating the chemistry used to justify46

it. Answer-level metrics cannot reveal this mismatch: they score the molecular output but leave47

the stated chemical reasoning path unobserved. The verifiable content of the reasoning traces can48

therefore be decoupled from the correctness of the final answer.49

Direct intervention explains how the two coexist. Corrupting a verified functional-group claim50

inside the reasoning trace flips only 1–11% of originally-correct answers, similar to a synonym51

control, whereas applying the same corruption to the input has a much larger effect, flipping 16–78%.52

This asymmetry suggests that the model relies more on input-grounded evidence than on its own53

functional-group claims. However, the trace is not disposable. Removing it or substituting another54

problem’s trace changes generation and significantly influences the performance. Therefore, the55

trace itself may still carry answer-relevant information even though its explicit claims are unreliable.56

One possible interpretation is that the useful content of chemical chain-of-thought lies less in its57

verbal explanations than in its function as a molecular scratchpad. Before producing the final answer,58

the model writes intermediate structural cues, such as fragments, positions, or ring systems, that59

remain available during answer generation. The complete target structure is absent from most trace,60

and incomplete structural drafts can nevertheless support generation. The form of this scratchpad is61

model-specific. Chem-R (Wang et al., 2026) and ether-0 (Narayanan et al., 2025) draft fragmented62

SMILES structures that affect their answers, whereas attribution analyses suggest that ChemDFM-63

R (Zhao et al., 2025b) places more weight on scaffold-level, positional and nomenclature cues.64

Perturbing the SMILES sketches degrades Chem-R’s generation, while perturbing functional-group65

claims has little effect.66
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Taken together, these results suggest that chemical CoT is neither a faithful explanation Zhao67

et al. (2025a;b) nor merely a post-hoc rationalization (Cox et al., 2026; Arcuschin et al., 2025),68

but a hallucination-prone molecular scratchpad. Its readable prose is often unsupported, whereas69

structural drafts can contribute to generation. Answer-only evaluation cannot distinguish traces that70

reach the same answer through differently grounded claims. To test process-level supervision, we71

continued training from the released Chem-R checkpoint using a verification-grounded reward that72

pays the answer-accuracy term only for traces without ER fabrications. We refer to the resulting73

model as Chem-R-Faithful, or simply Faithful throughout this paper. This intervention reduces ER74

fabrications while preserving reported performance.75

2 Results76

We first formalize how explicit molecular claims can be checked (Fig. 1), then measure their77

fabrication and relation to answer correctness (Figs. 2 and 3). Subsequent experiments test whether78

verbal claims or drafted structures affect the answer and characterize model-specific scratchpad79

forms (Figs. 4–6).80

2.1 Reasoning hallucination is a chemically checkable grounding failure81

Chemical reasoning traces often contain structural claims that can be verified against the molecular82

structure. Here we anchor the analysis on functional-group claims, which are frequent in chemical83

rationales and reliably decidable by RDKit SMARTS matching (Landrum et al., 2013). Our84

molecular claim-grounding framework parses a response into a reasoning trace and a final answer,85

extracts the chemical entities and transformations asserted in the trace, and checks each against86

the task-relevant structures (Fig. 1). The framework separates two axes that answer-level metrics87

conflate: whether an error appears in the reasoning or in the final answer (i.e., output), and whether88

a claim contradicts an external reference or the model’s own generated content. The most diagnostic89

cell is extrinsic reasoning fabrication (ER): a functional group asserted in the trace that is absent90

from the input and the predicted molecule alike, and from the reference structure where the task91
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defines one. Because such a group is present in neither the question nor any answer, the claim is not92

merely a disagreement with an imperfect reference. We report the per-response ER score and, as93

finer probes, claim precision (the fraction of structural claims that verify) and the count of grounded94

claims.95

Figure 1c illustrates why a separate reasoning metric is needed. Chem-R returns the exact-matched96

molecule but invents nitrogen atoms in its trace, although the predicted molecule contains no97

nitrogen at all. Only a reasoning-side check exposes the fabrication.98

At the model level, hallucination does not simply mirror task performance (Fig. 1d). Chem-R and99

ChemDFM-R have nearly identical aggregate hallucination scores despite a ten-point performance100

gap, whereas Chem-R-Faithful combines the lowest hallucination with the highest performance. The101

four error classes also contribute differently across models (Fig. 1e): output-side errors account for102

most of the aggregate score, but ER remains present in every model, motivating the reasoning-side103

analyses below.104

2.2 Reasoning hallucination is pervasive and not decided by confidence or length105

Applying the framework to four open-source reasoning models and the Chem-R-Faithful checkpoint106

across twelve generative task variants shows that fabrication is common (Fig. 2a). Chemistry-107

specialized models score substantially lower on both overall hallucination and ER than the general108

reasoners, but none are clean. Among the released models, mean ER across tasks ranges from 7.6 to109

26.4. Grounded process reward lowers Chem-R-Faithful to 2.4 but does not eliminate fabrication.110

Two intuitive proxies fail to explain the pattern. Semantic entropy, a sampling-based uncertainty111

measure used to detect hallucination (Kuhn et al., 2023; Farquhar et al., 2024), spans only approx-112

imately 1.07–1.37 while hallucination varies several-fold. Across the five models its descriptive113

correlation also opposes a simple confidence account (Fig. 2b). Meanwhile, reasoning length114

is not necessarily related to faithfulness: although models generally exhibit a “more reasoning,115
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more fabrication” pattern, Chem-R-Faithful substantially reduces hallucinations while preserving116

reasoning length (Fig. 2d).117

By contrast, the per-claim fabrication rate tracks the released-model ranking ( Fig. 2c), showing that118

even the most faithful released model fabricates about one claim in seven. Our Chem-R-Faithful119

checkpoint is the exception, reducing the rate to 4.3%.120

A comparison along one Chem-R lineage further suggests that hallucination predates chemistry-121

specific fine-tuning: the per-claim fabrication rate is highest in the original backbone model (34.7%),122

is reduced by supervised fine-tuning (22.1%), is not further reduced by answer-only reinforcement123

learning (22.6%), and falls to 4.3% only once the reward grounds the trace’s claims, even as task124

performance saturates earlier (Fig. 2e).125

2.3 Answer correctness is a poor proxy for extrinsic reasoning hallucination126

Answer correctness provides little information about whether a reasoning trace contains extrinsic127

hallucinations. On the full caption-to-molecule (cap2mol) test set for Chem-R (n = 3300), the128

ER distributions of exactly correct and incorrect responses are nearly indistinguishable (Fig. 3a),129

with mean ER scores of 6.4 and 6.8, respectively. Consistently, the correlation between ER and130

the exact-match indicator is close to zero (|Pearson(ER, exact match)| < 0.02; Fig. 3a). Similarly131

weak associations are observed for mol2cap (−0.04) and retrosynthesis (−0.05).132

The joint distribution makes the distinction between answer correctness and trace groundedness133

concrete. Of all Chem-R’s cap2mol responses, 28% are both exactly correct and clean (ER = 0),134

whereas 13% are exactly correct but contain at least one detected fabrication (ER > 0). Thus,135

although the overall exact-match rate is 41%, approximately 31% of exactly correct responses136

contain a fabrication. Conversely, the majority of incorrect responses still have clean traces (Fig. 3b).137

Correctness therefore neither guarantees a clean trace nor does incorrectness imply a fabricated one.138

The same qualitative pattern appears at the task-family level. When official task performance is139

computed separately for clean and fabricating traces, the resulting points generally remain near140
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the equality line (Fig. 3c). On the S2-Bench (Li et al., 2026) tasks, Chem-R is even marginally141

more accurate among responses whose traces contain fabrications, further illustrating that the142

relation is not monotonic. This decoupling should not be interpreted as implying that clean traces143

are universally common: across these models, especially on harder tasks in retrosynthesis and144

S2-Bench, their absolute prevalence is often low. By contrast, Chem-R-Faithful raises the clean-trace145

rate to approximately 84–91% across the four task families (Fig. 3d).146

Answer-level metrics are therefore insufficient for evaluating the reasoning trace. They assess the147

molecular output, but not whether the chemical claims used to justify that output are supported.148

The near-zero associations in Fig. 3 show that answer correctness is a poor proxy for claim-level149

groundedness: a correct answer may contain fabricated reasoning, while an incorrect answer may150

still have a trace with no detected fabrications.151

2.4 Functional-group-level claims in the reasoning trace exert little causal influence on the152

final answer153

How can a correct answer coexist with a reasoning trace that contains a fabricated claim? One154

possibility is that the verbal claims in the trace do not materially determine the final answer. We155

tested this possibility using targeted interventions on functional-group mentions.156

Starting from clean caption-to-molecule traces, we selected a functional-group mention that was157

verified to be present in the target molecule and replaced it with a random incorrect group. We then158

measured the teacher-forced log-probability of the original correct answer. As a matched comparison,159

we applied the same corruption to the functional-group in the input caption; synonym substitutions160

also served as a meaning-preserving control. Corrupting the trace had a negligible effect on the161

answer log-probability (∆ log p = −0.0007 for Chem-R), comparable to the synonym control. By162

contrast, corrupting the input produced reductions in log-probability that were approximately two163

orders of magnitude larger in absolute value (−0.20 for Chem-R and −0.13 for ChemDFM-R;164

Fig. 4a).165
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A complementary answer-flip test showed the same asymmetry. Among the Chem-R responses that166

were originally correct on the three translation tasks (n = 4,950), corrupting the functional-group167

claims in the trace flipped only 7% of answers to incorrect (5.6% on cap2mol alone), close to the168

synonym control (2.3%; Fig. 4b). For the input-versus-trace comparison, we restricted the analysis169

to the 669 originally correct responses for which results were available under both interventions.170

On this paired subset, trace corruption flipped 5.1% (34/669) of answers, compared with 41.3%171

(276/669) for input corruption (Fig. 4d); the 7% and 5.1% trace rates therefore summarize different172

response sets rather than different calculations on the same set. Swapping the entire trace, by173

contrast, changed about 30% of previously correct answers, indicating that, although functional-174

group claims are not causally load-bearing, the trace as a whole remains functionally coupled to the175

final answer (Fig. 4b). Across models and tasks, the answer-flip rate was 1–11% for trace corruption176

and 16–78% for input corruption, yielding paired gaps of 15–66 percentage points (p < 10−15).177

The weak effect of trace corruption persisted both for claims restated from the input (∆ log p =178

−0.0092 to −0.0000) and for claims derived by the model (−0.0013 to −0.0004). Thus, the179

result cannot be explained solely by trace claims redundantly repeating information from the input.180

Attention patterns provide complementary descriptive evidence: when a functional-group term181

appeared in both the input and the trace, answer tokens assigned 20× more attention to its input182

occurrence for Chem-R and 4× more for ChemDFM-R (Fig. 4c).183

Together, these interventions indicate that, for the functional-group claims tested here, the final184

answer is substantially more sensitive to information in the input than to the corresponding verbal185

claim in the reasoning trace. This asymmetry seems consistent with parts of the trace serving as186

post-hoc rationalization (Turpin et al., 2023; Lanham et al., 2023), but it does not establish that187

every claim, or the trace as a whole, is generated post hoc.188
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2.5 SMILES drafts can be causally load-bearing in the Chem-R lineage189

We argue that the trace is not entirely post-hoc. Although corrupting its functional-group names has190

little effect (Fig. 4), replacing the whole trace with another molecule’s trace raises answer entropy by191

0.05–0.32; corrupting only the functional-group names changes it by 0.03–0.04 for the three Llama-192

family models. Some answer-relevant information therefore remains outside the verbal claims. A193

prominent non-verbal element in Chem-R traces is the drafted SMILES. We tested this structural194

component directly by perturbing only the SMILES written in the trace, leaving the functional-195

group prose intact and regenerating the answer on originally-correct responses that contain such a196

draft (Fig. 5). Every condition was scored on this same draft-writing subset. Replacing the draft197

with a valid-but-wrong structure flips more answers than corrupting the functional-group claims:198

11.4% versus 5.7% for Chem-R (2×) and 31.9% versus 1.8% for Chem-R-Faithful (17×; Fig. 5a).199

Corruption also flips more answers than masking the draft, indicating that the replacement redirects200

generation rather than merely removing useful context.201

The result is not explained by complete answers being written early in the trace. Although we do202

find that the complete SMILES strings appear in 14–22% of Chem-R and Chem-R-Faithful traces203

(Fig. 5d), most draft-writing traces contain only partial structure (77% for Chem-R and 65% for204

Chem-R-Faithful). On this partial-only subset, corrupting the draft still flips 11.5% and 34.6% of205

answers, respectively, close to the rates on the full draft-writing subset (Fig. 5e).206

ChemDFM-R provides a negative control for the role of drafted SMILES. It drafts a SMILES207

in only 8% of correct traces, and corrupting that draft flips 7.3% of originally correct answers208

(Fig. 5b). Across the three models, the corrupt-draft flip rate follows the independently measured209

SMILES-saliency enrichment reported in the next section (Fig. 5c). This three-point comparison is210

descriptive, but its agreement with the perturbation results supports the localization of a load-bearing211

SMILES component in the Chem-R lineage. The tested draft effects remain smaller than the input212

effect, for which corruption flips 16–78% of answers (Fig. 4). Thus, the trace can serve as a working213

draft while the input remains the primary source of the answer.214
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2.6 Attribution analyses suggest model-specific forms of the molecular scratchpad215

Having established that drafted SMILES can affect generation in the Chem-R lineage, we next216

asked whether the same scratchpad form is prominent across models. We use gradient×input217

saliency (Ancona et al., 2018) to measure the answer’s sensitivity to each trace token in Chem-R,218

Chem-R-Faithful, ChemDFM-R and ether-0 (Fig. 6).219

For Chem-R and Chem-R-Faithful, the most salient token type per token is the SMILES fragments220

(enrichment 2.5× and 3.2× above the average trace token), while functional-group words are221

depleted (0.71–0.77×; Fig. 6b). Within-trace attention shows the same preference: answer tokens222

attend more to SMILES fragments than to functional-group words (Fig. 6c). These convergent223

attribution measures independently localize the SMILES component tested in Fig. 5, similar to the224

use of generated tokens as an intermediate-computation scratchpad (Nye et al., 2022).225

Meanwhile, ether-0 shows a weaker but still SMILES-oriented profile. Its example trace drafts the226

reactants as SMILES fragments; across traces, SMILES tokens are enriched 1.6× in answer saliency227

while functional-group words are depleted to 0.6×, and within-trace attention to SMILES is about228

twice that to functional-group words (Fig. 6a–c). This suggests that the attribution asymmetry is not229

limited to the Chem-R lineage.230

In this limited sense, ChemDFM-R exhibits a more conservative scratchpad profile, with less reliance231

on explicit SMILES fragments and a more distributed use of chemically descriptive cues. SMILES232

fragments account for little trace saliency (1.0% of the total mass; 1.2× per-token enrichment), and233

within-trace attention favours functional-group terms over SMILES (Fig. 6c). Its answer-sensitive234

spans instead contain scaffold, positional, and nomenclature cues, suggesting that answer-relevant235

information is distributed across chemically descriptive language rather than concentrated in an236

explicit SMILES scratchpad. Taken together, the models appear to use their traces as scratchpads in237

different forms: Chem-R and ether-0 are more strongly SMILES-oriented, whereas ChemDFM-R238

adopts a more linguistically distributed representation. The evidence remains asymmetric. Saliency239

and attention clearly localize the SMILES-oriented components, whereas the positive account of240
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ChemDFM-R’s alternative cues rests on broader attribution and entropy patterns because the current241

token categories do not isolate those cues cleanly.242

To summarize, the results support a view of chemical chain-of-thought as a hallucination-prone243

molecular scratchpad. Its functional-group explanations are often unsupported and weakly coupled244

to the answer. Fragmented SMILES drafts can influence generation in the Chem-R lineage,245

attribution suggests that ether-0 also prioritizes SMILES fragments, and ChemDFM-R appears246

to rely on different candidate cues. As a proof of concept, continuing Chem-R training with the247

same verifier as an online process reward reduces mean ER by 73–95% across the four task families248

without a measurable loss on the reported task metrics (cap2mol ER 6.7 → 1.8, retrosynthesis249

15.1 → 0.8). Chem-R-Faithful also shows greater SMILES-saliency enrichment (2.5× → 3.2×)250

and a higher draft-copy rate (0.14 → 0.22; Fig. 5d), changes that are consistent with the scratchpad251

account.252

3 Discussion253

The experiments reveal a mismatch between what a chemical trace says and which parts of that trace254

affect the answer. Functional-group-level explanations are often unsupported and weakly coupled to255

generation. Structural fragments are less readable as an explanation, but targeted perturbations show256

that SMILES drafts can affect the output in the Chem-R lineage. Chemical CoT is therefore neither257

a faithful deduction nor entirely post-hoc rationalization. It behaves as an externalized workspace258

for intermediate computation, although the prose in that workspace should not be read as a reliable259

derivation.260

The contrast between Chem-R and ChemDFM-R also matters methodologically. Chem-R and261

ether-0 externalize fragmented SMILES, whereas attribution analyses suggest that ChemDFM-R262

places more weight on scaffold, positional and nomenclature cues. A probe restricted to SMILES263

would therefore miss candidate signals in ChemDFM-R. This model dependence echoes the low264

consistency reported across chemical representations (Yan et al., 2025) and argues against assuming265
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a universal CoT format. In our analysis, saliency nominates answer-sensitive trace elements and266

perturbation tests whether changing them affects generation. The causal claim for the Chem-R267

SMILES draft comes from the intervention; attention and saliency provide supporting localization268

and a descriptive account of the alternative ChemDFM-R cues (Ancona et al., 2018; Jain & Wallace,269

2019).270

This account does not fundamentally conflict with the empirical success of reasoning models in271

molecular modelling (Wang et al., 2026; Narayanan et al., 2025; Li et al., 2025; Zhao et al., 2025a).272

A trace may improve performance by providing space to draft partial structure even when some of273

its verbal claims are false. Better accuracy, by itself, says little about whether the accompanying274

rationale is faithful.275

In molecular design, retrosynthesis and drug discovery, a natural-language rationale may be the276

main surface available for human review (M. Bran et al., 2024; Mirza et al., 2025). A chemist could277

reasonably interpret a fabricated group as evidence for the answer, even if the model did not use that278

claim. We did not test downstream decisions, so this remains a plausible risk rather than a measured279

harm. For oversight, chemical CoT is better treated as a report whose checkable claims require280

verification.281

The Chem-R-Faithful training experiment also provides a proof of concept for improving faithfulness282

in molecular reasoning. An answer-only objective cannot distinguish two traces that reach the283

same answer, even if one contains fabricated claims, consistent with evidence that outcome-based284

reinforcement learning does not necessarily ensure faithful reasoning traces (Chen et al., 2025).285

Fabrication is already prevalent before chemistry SFT (Fig. 2e). Gating the answer reward on286

ER = 0 provides a way to distinguish otherwise answer-equivalent traces: a correct answer287

receives no accuracy reward when its reasoning trace fabricates external facts. This connects288

process supervision (Cobbe et al., 2021; Uesato et al., 2022; Lightman et al., 2024) with domain-289

grounded verification and tool use in scientific agents (M. Bran et al., 2024; Wang et al., 2025).290

Under this intervention, Chem-R-Faithful produces fewer fabricated claims and places greater291
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emphasis on structural drafts. However, the intervention is not a complete fix: Chem-R-Faithful292

also writes the complete answer within the trace more often than the released model (draft-copy293

0.14 → 0.22; Fig. 5d). This increase in early or complete answering may itself constitute a294

possible shortcut induced by the reward: the model commits to a structure early so that subsequent295

functional-group claims can be verified against it, rather than necessarily performing more faithful296

step-by-step reasoning. The reduction in fabrication should therefore be interpreted alongside this297

behavioural shift, and structure-grounded process rewards warrant explicit monitoring for such298

shortcuts. Whether the same pattern generalizes to other model families remains open.299

4 Conclusion300

Chemistry provides a uniquely verifiable setting for studying chain-of-thought reasoning because301

many claims can be checked directly against molecular structures. Our results show that unsupported302

chemical claims are widespread and largely decoupled from answer correctness. Mechanistic303

analyses suggest that readable functional-group claims are often inert, whereas structural drafts304

can be computationally consequential, supporting the view of chemical CoT as a hallucination-305

prone molecular scratchpad. Chem-R-Faithful further shows that verification-grounded process306

supervision can reduce such fabrications while preserving task performance. Together, these results307

show that answer correctness and reasoning groundedness are distinct properties of chemical CoT,308

and that reliable chemical reasoning requires both answer-level evaluation and structure-grounded309

process verification.310

5 Methods311

Models and tasks. We evaluated four off-the-shelf reasoning models: Chem-R-8B (Wang et al.,312

2026), ChemDFM-R-14B (Zhao et al., 2025b), ether-0-24B (Narayanan et al., 2025) and DeepSeek-313

R1-Distill-Llama-8B (Guo et al., 2025). The main evaluation covers twelve generative task variants314

grouped into four families: caption-to-molecule generation (cap2mol), molecule-to-caption gen-315
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eration (mol2cap), retrosynthesis, and nine S2-Bench structured molecule generation, editing and316

optimization subtasks. Cap2mol and mol2cap use ChEBI-20 (Edwards et al., 2022); retrosynthesis317

uses USPTO-50k (Liu et al., 2017); S2-Bench is from Li et al. (2026). Cap2mol (n = 3, 300),318

mol2cap (n = 3, 300) and retrosynthesis (n = 5, 007) use the full test sets. Meanwhile, S2-Bench319

has 9 subtasks and uses first 500 prompts per subtask for tractability (n = 4, 500). Notably, the eval-320

uation is limited to three established molecular benchmarks, whose task composition and molecular321

coverage may not represent the full distribution of real-world chemical reasoning problems.322

Response parsing. Most models delimit reasoning and answer spans with323

<think>. . .</think> and <answer>. . .</answer> tokens. We normalize equivalent324

markup before diagnosis, including the delimiter variants used by ether-0, so that all models are325

scored on a comparable trace and answer span.326

Claim extraction and verification. The verifier uses a deterministic rule pipeline. A curated327

library first maps explicit chemical mentions and their synonyms to functional-group, ring-system or328

molecular-class categories and identifies transformation statements. Rule-based derivation context329

then retains claims about the task-relevant molecule while excluding, for example, precursor groups330

mentioned only as sources of a transformation; this exclusion is applied on caption-to-molecule,331

where such derivation statements are common, and is off for the other tasks. Each retained category332

is assigned an RDKit SMARTS query or an exact structural check (Landrum et al., 2013). Generic333

features such as “ring” or “aromatic” use broad graph predicates, whereas specific groups such as334

carboxylic acid, ester, phosphate, pyridine or thiophene use tighter substructure definitions. The335

structural verdict uses exact graph matching rather than a generative judge or semantic similarity.336

The library provides explicit extraction and verification rules for every category evaluated in337

this study. Phrasings outside this operational vocabulary are not scored, so the reported ER is338

conditional on the explicit claims recovered by the rule library. This detector does not certify339

a complete chemical argument and is less informative for broad mechanistic reasoning, implicit340

domain knowledge or answers with little molecular structure. We also manually observed 96.9%341
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pooled extraction precision among recovered claims, but the claim-stratified audit does not estimate342

recall because it did not exhaustively annotate claims missed by the extractor. We accordingly343

interpret ER as a fabrication rate over the explicit, structurally decidable claims covered by the344

verifier, rather than as a recall-complete audit of all chemical reasoning in the trace. The audit345

covered 257 extracted claims from the reported models; a single author with chemistry expertise,346

blinded to model identity and to the automated verdict, judged each extraction, confirming 249347

(96.9%). The audit does not estimate recall.348

Task-aware grounding. The grounding set depends on the task. For cap2mol, claims may be349

grounded by groups named in the input caption, the predicted molecule or the reference molecule.350

For mol2cap, claims are checked against the input molecule. For retrosynthesis, claims may refer to351

the product or predicted reactants. For S2-Bench, the source molecule, instruction-named groups352

and predicted molecule are all grounding evidence. A claim counts as extrinsic reasoning fabrication353

only when it is absent from all of the grounding evidence enumerated above for that task.354

Hallucination score and derived metrics. Each response receives four scores in [0, 100] on355

a 2 × 2 taxonomy that crosses a grounding axis (intrinsic versus extrinsic) with a location axis356

(reasoning versus output): IR for self-contradiction in the trace, IO for answer invalidity or prompt-357

constraint failure, ER for fabricated reasoning claims, and EO for output-level structural deviation358

from the reference or task constraints. The aggregate hallucination score is 0.15 IR + 0.25 IO +359

0.25ER + 0.35EO, and EO is set to zero on exact-match responses to avoid false positives.360

When the predicted SMILES cannot be parsed, IO and EO are treated as undefined rather than361

maximal and the remaining weights are renormalized to sum to one, so such a response is scored362

0.375 IR + 0.625ER. Claim precision is the fraction of extracted structural claims that verify, and363

grounded claims is the number of distinct verified specific claims per response; per-claim fabrication364

rate is the fraction of category-deduplicated claimed groups that are fabricated.365
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Chemical evidence path. Let x be the task input, T the generated reasoning trace, A the generated366

answer and K the task-specific chemical knowledge used by the verifier. The claim extractor maps367

the trace to a set of chemical claims C(T ) = {ci}
m
i=1. A support function g(ci; x,A,K) ∈ {0, 1}368

indicates whether claim ci is grounded by the input, the answer, the reference when available, and369

the task context. The extrinsic reasoning fabrication score is a bounded penalty that increases with370

the unsupported-claim rate:371

u(T ; x,A,K) = 1−
1

m

m
∑

i=1

g(ci; x,A,K), ER = min(100, κ u) ∈ [0, 100],

where κ is a fixed per-task scale (75 for cap2mol and 60 for the remaining tasks), so ER saturates at372

100 and is not a raw percentage; fabricated molecular-class claims incur an analogous penalty, and373

responses with no extractable structural claims receive task-specific handling. A trace is clean when374

ER = 0 (equivalently u = 0). Trace–answer coupling is reported by the clean-minus-fabricating375

answer-score gap, ∆couple = E[s(A) | ER = 0]−E[s(A) | ER > 0], and by the correlation between376

ER and the task answer score s(A).377

Answer-level unidentifiability. An answer-only objective has expected reward Jans(π) =378

Ex,T,A∼π[rans(A, y)]. Because this reward does not depend on T , any two policies with the same379

answer marginal π(A | x) obtain the same Jans even if their expected trace fabrication differs.380

Answer-level reward therefore cannot distinguish faithful from fabricating traces among answer-381

equivalent responses; it does not penalize fabricated traces when the final answer remains correct382

whenever the answer can be produced through an input-to-answer route. A process-level term383

Jproc(π) = E[rans(A, y) + λ rtrace(T ; x,A,K)] separates these otherwise-equivalent traces.384

Semantic entropy. For semantic entropy (Kuhn et al., 2023; Farquhar et al., 2024) we sample385

ten responses per prompt at temperature 0.8, top-p 0.95, and cluster them by task-aware semantic386

equivalence: Morgan-fingerprint Tanimoto similarity (threshold 0.85) for molecule generation,387

reactant-set equivalence for retrosynthesis, and, for molecule-to-caption, token-overlap agreement388

between the sampled reasoning traces (threshold 0.80). Entropy is the Shannon entropy H =389

16



−
∑

c pc log pc of the cluster distribution, with pc the fraction of the ten samples in cluster c; it390

measures confidence, not truth.391

Causal perturbation and behavioural drift. Two interventions test whether the trace’s functional-392

group claims cause the answer. The first is teacher-forced: on clean cap2mol traces in which a393

functional-group claim was verified, we replaced one trace mention with an incorrect group and394

measured ∆ log p, the change in the answer’s mean per-token log-probability logP (A | x, T )/|A|395

under teacher forcing. A synonym replacement is the negative control and the same corruption396

applied to the input caption is the positive control. The second is behavioural: from a perturbed397

prefix we regenerate the answer greedily and record the flip-to-wrong rate among originally-correct398

responses. The conditions are a synonym control, corrupting every functional-group-name claim399

in the trace, replacing the whole trace with another molecule’s real trace, dropping the trace, and400

corrupting the group in the input. We report 95% normal-approximation (Wald) intervals on the flip401

rate and paired McNemar tests for the input-versus-trace contrast, and we separate trace claims that402

are restated from the input from those derived by the model.403

Conditional entropy. As a metric-free complement, for each example we drew eight answer404

samples (temperature 0.8, top-p 0.95) under three trace conditions, empty, real and functional-group-405

corrupted, and, for the main models, a fourth condition that swaps in another molecule’s whole trace.406

Answer entropy is the Shannon entropy over canonical-SMILES clusters. We report information407

gains relative to the real-trace condition: presence (HnoCoT −HrealCoT), content (Hcorrupt −HrealCoT)408

and swap (Hswap −HrealCoT). This isolates whether corrupting the verbal claims, versus replacing409

the whole trace, carries answer information without reference to any accuracy metric.410

Token-type saliency. To localize which trace tokens the answer depends on we use gradient×input411

saliency (Ancona et al., 2018) with the model parameters frozen. Let ej be the input embedding of412

trace token j and logP (A | x, T ) =
∑

t log p(at | a<t, x, T ) the teacher-forced log-probability of413

the answer A generated by the model, regardless of whether it is correct. We attribute to token j the414
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saliency415

sj =
∣

∣ ej · ∇ej logP (A | x, T )
∣

∣,

normalize s to sum to one over the trace tokens, and label each token as a SMILES fragment,416

functional-group word, position digit, other word or punctuation. For a token type τ we report its417

saliency share
∑

j∈τ sj and its enrichment, the share divided by the fraction of trace tokens of type418

τ , so a value above one marks above-average answer-sensitivity per token. SMILES fragments are419

tokens covered by an RDKit-parseable substring of at least six characters; functional-group words420

are tokens covered by any functional-group synonym in the verifier’s library. This probe is run421

on the full evaluation volume for the Chem-R families and ChemDFM-R (n = 16,107 per model,422

stratified by ER) and on an n = 1500 subsample for ether-0.423

Attention attribution. We treat attention analyses as descriptive rather than424

causal (Jain & Wallace, 2019), use teacher forcing on the full sequence425

[ x ∥<think>T </think> ∥<answer>A</answer> ] in a single forward pass (eager426

attention, bfloat16, no sampling) and read the post-softmax self-attention. For layer l of L with H427

heads let A(l) ∈ [0, 1]H×S×S be the attention and ā(l) = 1
H

∑H

h=1 A
(l)
h its head-mean. With A the428

answer-token positions (the span inside <answer>), the answer’s attention to a key position j, and429

to a key-token set T , are the query- and set-averages430

att(l)(j) =
1

|A|

∑

q∈A

ā
(l)
q,j, att(l)(T ) =

1

|T |

∑

j∈T

att(l)(j).

The per-token (rather than summed) form removes the confound that the trace is several times431

longer than the input. Every attention statistic is read at the fixed middle layer l⋆ = ⌊L/2⌋, rather432

than at a layer selected to maximize the reported contrast. In a layerwise sensitivity check, the433

input-versus-trace asymmetry has the same direction at every layer except the first and peaks in434

the middle of the network. Regions are the input-caption span and the <think> trace span, and435

within each we evaluate att(T ) for T equal to all tokens, SMILES fragments and functional-group436

words (defined as above); this region and within-trace salience uses the full evaluation volume437
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(n = 16,107 per model across all Chem-R families, stratified by ER). The matched-token control438

and the causal perturbation below are reported on cap2mol, the natural-language-input task in which439

a functional-group word can occur in both the input and the trace: we pick such a word and compare440

att at its input occurrence against its trace occurrence; the two occurrences have the same string441

form, so their ratio isolates location from content and length. The draft-copy rate is the fraction of442

responses whose RDKit-canonical answer SMILES equals the canonical form of some SMILES443

substring in the trace.444

Draft-SMILES perturbation. To test the drafted structure causally we perturbed only the445

SMILES a model writes in its trace, leaving functional-group prose intact, on originally-correct446

examples that actually draft a SMILES. The mask condition replaces the draft with a placeholder (a447

presence test) and the corrupt condition replaces it with a valid but structurally wrong SMILES (a448

content/direction test); we compare against corrupting a functional-group name and swapping the449

whole trace on the same subset. ChemDFM-R, which drafts a SMILES in only 8% of its correct450

traces, is the negative control.451

Process-supervised training. Starting from the released Chem-R-8B checkpoint, we continued452

training with GRPO (Shao et al., 2024). We trained Chem-R-Faithful on 80, 000 examples drawn453

exclusively from the designated training splits, balanced equally across the four task families454

with 20, 000 examples per family. No training example overlapped with the evaluation sets. The455

resulting checkpoint is Chem-R-Faithful (Fig. 2e). The reward combines format compliance,456

the task’s answer metric, the anti-hallucination score and a grounded-claim term, with weights457

(λf , λa, λh, λg) = (0.1, 0.4, 0.4, 0.2):458

r̃ = λfrformat + λaranswer + λh(1− hallucination/100) + λgrgrounded.

We gate the answer-accuracy term on trace faithfulness, paying it only when the trace is clean:459

r = λfrformat + 1[ER = 0]λaranswer + λh (1− hallucination/100) + λgrgrounded.

19



Thus a response with a fabricated reasoning claim earns no accuracy reward, even if its answer460

is correct, while the format, anti-hallucination and grounded terms are still paid. This prevents461

the reward hacking in which the policy trades fabrication against answer accuracy or additional462

claim volume. The grounded term rewards naming more verified groups while staying precise,463

rgrounded = 2
min(nver, C)

C

nver

nver + nfab

∈ [0, 2], where nver and nfab count verified and fabricated464

specific functional groups and the count is capped at C = 5; groups are de-duplicated by category,465

so the reward cannot be farmed by repetition. Cap2mol and retrosynthesis use exact match, mol2cap466

uses caption similarity, and OpenMolIns uses official task success including property-direction467

success for optimization tasks. We trained one joint model over all four families (twelve variants,468

80k balanced examples) and call it Chem-R-Faithful. The same verifier used for evaluation supplies469

ER, the anti-hallucination score and the grounded-claim counts during training. Chem-R-Faithful is470

a single training run (936 GRPO steps, data shuffling seed 42) on one model lineage and was not471

replicated across seeds or model families; we therefore interpret it as a proof of concept.472

Training-stage ladder. To locate the origin of fabrication, we evaluated matched-prompt gen-473

erations at four points on a single lineage, each scored on the full task suite (twelve task variants,474

n = 16,107 responses per stage): the pre-chemistry-SFT base model (Llama-3.1-8B-Instruct), the475

chemistry SFT model with CoT, the released answer-only GRPO model (Chem-R), and Chem-476

R-Faithful. For each stage, we measured the per-claim fabrication rate, ER, clean-trace fraction,477

task performance, and trace-level hedging and abstention rates identified by regular expressions.478

Figure 2e reports the per-claim fabrication rate and task performance along this lineage.479

Computational Resources. All experiments were conducted on NVIDIA H200 GPUs: four480

GPUs for reinforcement learning and one or two GPUs for inference and the mechanism probes.481

Training Chem-R-Faithful took 106 GPU-hours. The analysis was inference-dominated rather than482

training-dominated: it involved 112,749 diagnosed responses (seven models × 16,107 prompts),483

384,792 regenerations for the trace perturbation tests, and 593,032 samples for the conditional-484
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entropy and semantic-entropy measures, approximately 1.1 million generations in total. A full485

twelve-task evaluation sweep for one 8B model took 17–20 GPU-hours on a single GPU.486

Data availability487

The benchmark corpora analysed in this study are publicly available from their original sources488

(ChEBI-20, USPTO-50k and S²-Bench; access routes are documented in data/CORPORA.md of the489

repository). No new primary dataset was collected. All study-generated data, including evaluation490

prompts, model responses, parsed reasoning and answer spans, per-response claim-extraction and491

grounding records, perturbation, conditional-entropy, saliency and attention outputs, the training492

and validation parquet files, and the source data underlying every figure (data/source data.xlsx)493

are publicly available at https://github.com/phenixace/MolReHallu under CC BY494

4.0; the version corresponding to this paper is release v1.0.0 (commit 0c95196). Redistribution495

of third-party data and model weights remains subject to their original licences. Source data are496

provided with this paper.497

Code availability498

The code for reproduction is accessible through https://github.com/phenixace/499

MolReHallu. The repository also includes the model and dataset configuration files, dependency500

specifications, inference and training parameters, and scripts required to reproduce the reported501

analyses and figures. The version corresponding to this paper is release v1.0.0 (commit 0c95196);502

the repository includes random seeds, dependency specifications and a verification script that re-503

derives all diagnosis records and every figure from the released data on a CPU. Chem-R-Faithful is504

available through https://huggingface.co/phenixace/Chem-R-Faithful.505
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a  The promise vs the reality of CoT

c  Real worked example

b  Molecular claim grounding framework 

Intrinsic Reasoning (IR)
(Self-contradiction)

Intrinsic Output (IO)
(Structural validity)

Extrinsic Reasoning (ER)
(Factual fabrication)

Extrinsic Output (EO)
(Phantom structure)
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transparent
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The observed,
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vs

Molecular Input

Correct Answer

Molecule Caption

Generated CoT
Rationale

Predicted Answer

The molecule is a prostaglandin carboxylic acid anion
that is the conjugate base of prostaglandin B2,

obtained by deprotonation of the carboxy group;
major species at pH 7.3. It is a conjugate base of a

prostaglandin B2.
1. Identify the core structure: The molecule is described as a
prostaglandin, which is a type of lipid. … we can infer that the core
structure will include a five-membered ring with a specific
arrangement of carbon and nitrogen atoms.
2. Summarize key elements: … The functional groups provided
include a carboxylate group (O=C[O-]) … an alcohol group
(C[OH]), a ketone group (CC(C)=O), and an alkene group (C=C) …
The molecule also contains a secondary amine group (C[NH]C).

CCCCC[C@@H](/C=C/C1=C(C(=O)CC1)C/C=C\CCCC(=O)[O-])O
Correct answer (exact match), yet the molecular

formula is C20H29O4 — no nitrogen at all.
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Figure 1: Chemical chain-of-thought can contain structurally verifiable hallucinations even

when the answer is correct. a, The promise of transparent chain-of-thought (CoT) is contrasted

with the observed failure mode: a corrupted rationale can still lead to the correct answer. b,

Molecular claim-grounding framework. Crossing the location of an error (reasoning or output) with

its grounding (intrinsic or extrinsic) yields intrinsic reasoning (IR), intrinsic output (IO), extrinsic

reasoning (ER) and extrinsic output (EO) errors. The schematic illustrates these categories with a

self-contradictory reasoning claim, an invalid output SMILES, a fabricated benzene-ring claim and

a phantom output structure, respectively. For ER, each functional-group claim in the CoT is checked

with RDKit against the input, the predicted output and, where the task defines one, the reference;

a claim supported by none of them is labelled fabricated, and the per-claim fabrication rate is

the fraction of structural claims so labelled. c, Worked caption-to-molecule (cap2mol) example.

The CoT invents nitrogen atom, whereas the predicted SMILES is exactly correct and contains

no nitrogen, exposing a reasoning fabrication invisible to answer-only evaluation. d, Aggregate

hallucination score and task performance (both on a 0–100 scale; unweighted means over the

twelve task variants) for the four released reasoning models and Chem-R-Faithful (“Faithful”). e,

Within-model percentage composition of aggregate hallucination across IR, IO, ER and EO; each

stacked bar is normalized to 100%. 27
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Figure 2: Reasoning hallucination is pervasive and not decided by confidence or length. a,

Per-response ER, a bounded fabrication score (0–100) that increases with the fraction of a trace’s

claimed functional groups that are unsupported, averaged over traces, across the four released

models and Chem-R-Faithful on twelve generative task variants. b, Each released model and Chem-

R-Faithful as one point in (semantic entropy, overall hallucination), with marker area increasing

with ER; all three quantities are averaged over the twelve generative task variants. Confidence does

not separate faithfulness from fabricating models. c, Among the released models, even the most

faithful fabricates approximately 14% of its claims; our verification-grounded Chem-R-Faithful

is the exception, reducing the rate to 4.3%. d, ER likewise does not follow reasoning length: the

longest reasoner is the least faithful, whereas Chem-R-Faithful has the lowest ER. e, Training

lineage from the pre-chemistry-SFT base model through chemistry supervised fine-tuning with

chain-of-thought reasoning (SFT) and answer-only GRPO (Chem-R) to verification-grounded

GRPO. The final transition continues training from the released Chem-R checkpoint and yields

Chem-R-Faithful. Per-claim fabrication (purple) is highest before chemistry SFT and falls to 4.3%
only after the verification-grounded stage, while task performance (green) is preserved.
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Figure 3: Fabrication is decoupled from answer correctness. a, For Chem-R on cap2mol

(n = 3300), the ER distributions of correct and wrong answers nearly coincide (means 6.4 versus 6.8;

|Pearson| < 0.02). b, The same Chem-R cap2mol responses as a joint distribution of correctness

and faithfulness: right-yet-fabricating and wrong-yet-faithful cases are both common. c, Across

the four released models and Chem-R-Faithful, performance on clean (ER = 0) and fabricating

(ER > 0) traces lies close to the equality line across task families. d, The clean-trace rate (ER = 0)

varies widely: it is lowest for the general reasoners and on difficult tasks for the released chemistry

models, but reaches approximately 84–91% for Chem-R-Faithful.
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Figure 4: The answer is more sensitive to functional-group information in the input than in

the reasoning trace. a, Mean teacher-forced change in correct-answer log-probability on caption-

to-molecule. Sample sizes for trace-claim corruption, synonym substitution and input corruption

are n = 924/919/840 for Chem-R and 1297/1281/1199 for ChemDFM-R. b, Flip-to-wrong

rates among originally-correct responses in the molecule–caption translation and retrosynthesis

tasks. For synonym substitution, trace-claim corruption and whole-trace replacement, respectively,

n = 4936/4950/4950 for Chem-R and 4149/4163/4163 for ChemDFM-R. c, Relative shares of

mean middle-layer attention to matched input and trace occurrences of the same functional-group

term on caption-to-molecule (n = 265 matched input–trace comparisons for Chem-R, 233 for

Chem-R-Faithful and 255 for ChemDFM-R). d, Paired trace (open circles) and input (filled circles)

corruption, separately for translation and S2. Connected points use the same originally-correct

responses with both results available (n shown). S2 pools functional-group customization and

component addition, deletion and substitution. Across these three models and two task groups,

input flip rates span 16.4–77.6%; the upper endpoint is ChemDFM-R on S2 (475/612). Paired

differences span 15.5–66.2 percentage points (all six two-sided exact McNemar tests, p < 10−15,

unadjusted). Error bars in b,d are 95% normal-approximation confidence intervals.
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Figure 5: SMILES drafts affect generation in the Chem-R lineage. a, Flip-to-wrong rate among

originally-correct answers that contain a drafted SMILES (all conditions scored on this same subset)

under trace perturbations. Corrupting the drafted SMILES flips more answers than corrupting

functional-group names or masking the draft for both Chem-R and Chem-R-Faithful. b, ChemDFM-

R drafts a SMILES in only 8% of correct traces and serves as a negative control for the role of drafted

SMILES. c, Across models, the corrupt-draft flip rate follows the SMILES-saliency enrichment of

Fig. 6b. d, The complete answer SMILES appears within the trace (early or complete answering) in

14–22% of Chem-R and Chem-R-Faithful traces, and in approximately zero ChemDFM-R traces.

e, The corrupt-draft effect is not an early-answer artefact: among draft-writing traces that contain

only partial structure and never the complete answer (77%/65% for Chem-R/Chem-R-Faithful),

corrupting the draft flips 11.5%/34.6% of answers, close to the rates on the full draft-writing subset.
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Figure 6: Attribution analyses suggest model-specific forms of the molecular scratchpad. a,

Per-token answer-saliency in the region of a retrosynthesis trace where each model proposes the

reactant answer (colour, answer-saliency; shaded spans mark drafted SMILES fragments, ticks

functional-group tokens). Chem-R-Faithful drafts the reactants as two dispersed partial SMILES

fragments with high answer-saliency; ether-0 also drafts SMILES fragments, whereas ChemDFM-R

writes no SMILES and instead expresses the reactants through positional and naming cues. b,

Per-token answer-saliency enrichment by trace token type (values > 1 carry more answer-sensitivity

than the average trace token): SMILES fragments are most enriched for Chem-R and Chem-R-

Faithful (2.5–3.2×), remain enriched for ether-0 (1.6×), and are weakest for ChemDFM-R (1.2×).

Functional-group words are depleted (< 1) for all four checkpoints. c, Within-trace attention from

the answer favours SMILES fragments for Chem-R, Chem-R-Faithful and ether-0, but reverses to

functional-group words for ChemDFM-R.
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