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Abstract

LLM judges have emerged as a key approach
to evaluating open-ended scientific outputs that
resist automated verification, yet their faithful-
ness in reference-free settings remains under-
explored, particularly for fields such as novel
materials synthesis where no ground-truth ref-
erence exists. Such judges produce false pos-
itives that accept scientifically invalid recipes
and false negatives that penalize semantically
equivalent ones in unfamiliar notation. We in-
troduce ASSAY, a probe suite built on domain-
grounded augmentations of ground-truth syn-
thesis recipes, and reveal that these two fail-
ure modes form a systematic Stability–Validity
trade-off across thirteen judge models. To
resolve this trade-off, we train SynthJudge-
8B via DPO on contrastive pairs derived from
the same augmentations, improving judgment
accuracy from 51.4% to 85.1% while main-
taining agreement with domain experts. We
release our probe suite and trained model to
support faithful automated evaluation in scien-
tific fields beyond materials synthesis at https:
//github.com/SoyeonHH/ASSAY.

1 Introduction

Large language models (LLMs) are increasingly
deployed as research collaborators in the physical
sciences–proposing synthesis recipes, planning au-
tonomous experiments, and generating candidate
hypotheses across materials science, chemistry, and
biology (Boiko et al., 2023; M. Bran et al., 2024;
Noh et al., 2026)–yet deploying them as trustwor-
thy research tools requires evaluation protocols
that reliably distinguish scientifically valid outputs
from superficially plausible but invalid ones (Mirza
et al., 2025; Castro Nascimento and Pimentel, 2023;
Alkaissi and McFarlane, 2023; Huang et al., 2025).
Because such outputs are open-ended text that lacks
the rigid structure required for automated verifi-
cation, surface-level metrics such as BLEU and
ROUGE (Papineni et al., 2002; Lin, 2004) cannot

Novel materials: Fe-doped NiO nanoparticles

Synthesis method: Solution combustion synthesis

Application: Oxygen evolution reaction (OER) catalysts

Materials: 

Nickel nitrate, … , water/ethanol mixture, acetone, ammonia

Procedure: 

1. Dissolve nickel nitrate and iron salt in solvent

2. Mix thoroughly using magnetic stirring

3. Add ammonia to adjust pH to 7

4. Dry the gel at 120°C for 6 h

5. Autocombustion at 350°C for 1 h

“… well-structured combustion synthesis procedure …” 

Overall score: 4.8 / 5.0

Input (x) 

Ground-truth recipe (y*)

Invalid recipe (෥𝒚) Equivalent recipe (ෝ𝒚)

Procedure: 

1. Dissolve → Nucleate

2. Mix → Separate

3. Add → Remove

4. Dry → Wet

…

“… well-structured …” 

Overall score: 4.8 / 5.0

 False Positive

Judge Response

Judge Response Judge Response

Materials: 

• Water → H2O
• Ethanol → C2H6O
• Acetone → C3H6O
• Ammonia → NH3
…

“… Lacks critical details …” 

Overall score: 2.5 / 5.0

 False Negative

Judge Response Judge ResponseJudge Response

Figure 1: Two failure modes of LLM judges in
reference-free scientific evaluation. An invalid recipe
(ỹ) with reversed procedural verbs receives the same
high score as the ground-truth (false positive), while an
equivalent recipe (ŷ) with chemical formulas substituted
for names receives a much lower score (false negative).

assess them, and expert human review does not
scale.

LLM-as-a-Judge (Laskar et al., 2025; D’Souza
et al., 2025; Croxford et al., 2025) has emerged
as a scalable alternative that addresses this gap in
scientific fields, leveraging a language model to as-
sign rubric-based scores or pairwise preferences to
candidate outputs. However, existing systems de-
rive scores from comparison against a ground-truth
reference (Laskar et al., 2025; Kim et al., 2025) to
compensate for the judge model’s limited domain
knowledge. This requirement does not extend to
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settings where a ground-truth output is unavailable,
such as novel materials synthesis (Szymanski et al.,
2023), for which reference-free evaluation is the
only available alternative. Moreover, whether LLM
judges yield faithful evaluations in the absence of
a reference has not been systematically examined.
This motivates the central question of our work:
Are LLM-as-a-Judge systems capable of faithful
reference-free evaluation in scientific fields? We
address this question in the context of materials
synthesis recipe evaluation, a recently established
setting in which LLM-generated synthesis proce-
dures are assessed prior to physical laboratory tri-
als (Kim et al., 2025).

An ideal judge would ground its assessment in
scientific principles such as thermodynamic feasi-
bility, reagent compatibility, and procedure coher-
ence, yet current LLMs do not reliably possess such
domain expertise (Zaki et al., 2024; Mirza et al.,
2024; Guo et al., 2023). We argue that judges in-
stead approximate scientific quality through surface
cues such as structural plausibility and notational
convention. As illustrated in Figure 1, this reliance
produces two failure modes. First, judges default to
surface plausibility as a proxy for scientific valid-
ity, yielding false positives that reward structurally
coherent but scientifically invalid recipes (Wu and
Aji, 2025; Zeng et al., 2024; Zheng et al., 2023).
Second, judges internalize biases toward canoni-
cal notation, yielding false negatives that penalize
semantically equivalent recipes on the basis of sur-
face form alone (Ganeeva et al., 2025; Wu and Aji,
2025).

To diagnose these failures, we introduce AS-
SAY (Automated Scientific Synthesis Assessment
of Your Judges), a probe suite that quantifies both
failure modes through domain-grounded augmen-
tations of ground-truth recipes along two comple-
mentary modes. Error Injection introduces sci-
entifically invalid modifications to probe Valid-
ity, the degree to which judges penalize invalid
recipes. Equivalence Rewriting substitutes seman-
tically equivalent representations to probe Stability,
the degree to which judges preserve scores under
such rewriting.

Experiments across thirteen judge models reveal
a consistent Stability–Validity trade-off in which
judges that correctly penalize invalid recipes also
penalize semantically equivalent ones, and vice
versa. To mitigate this trade-off, we exploit the
fact that augmented recipes carry intended labels
that naturally define contrastive pairs for prefer-

ence learning (Ye et al., 2024; Trivedi et al., 2024).
When trained on these pairs via Direct Preference
Optimization (Rafailov et al., 2023), SynthJudge-
8B, a reference-free judge initialized from Qwen3-
8B, attains 85.1% judgment accuracy compared to
51.4% for the base model, surpassing all thirteen
baselines.

Our contributions are as follows:

• Diagnostic Approach. We introduce ASSAY,
which exposes false positives from insufficient
domain knowledge and false negatives from
surface-form bias through two complementary
augmentation modes applied to ground-truth
synthesis recipes.

• Empirical Findings. Evaluation of thirteen
judge models reveals a consistent Stability–
Validity trade-off, which we further charac-
terize across swap types, training stages, and
synthesis domains.

• Trade-off Mitigation. SynthJudge-8B,
trained via DPO on augmented contrastive
pairs, improves judgment accuracy from
51.4% to 85.1%, surpassing all baselines
while maintaining expert agreement.

2 Related Work

2.1 Diagnosing Failures in LLM-as-a-Judge

Failures of LLM-as-a-Judge have been studied
along several distinct dimensions, ranging from
surface-feature biases to hallucinated rationales
and knowledge limitations. Most prior work has
focused on surface-feature biases, including po-
sition, verbosity, and self-enhancement through
which judges respond to formatting cues rather
than content quality (Zheng et al., 2023; Wu and
Aji, 2025; Chen et al., 2024b), together forming
a broad taxonomy of judgment biases (Ye et al.,
2025). Beyond such biases, judges produce halluci-
nated rationales decoupled from the scores they as-
sign (Turpin et al., 2023; Stephan et al., 2025; Mar-
ioriyad et al., 2026), and lack the domain expertise
to apply nuanced criteria in specialized fields (Szy-
manski et al., 2023; Moon et al., 2026; Belmadani
et al., 2026). Yet these analyses diagnose judge
failures by comparing judge outputs against an ex-
ternal reference, leaving failures that emerge when
no such reference is available largely unexamined.
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Ground-truth recipe (y*)

Materials: 

• titanium isopropoxide (20 mL), 
• ultra-pure water (2.0 mL)

Equipment: 

• Teflon-lined autoclave (100 mL), 
• calcination furnace

 Procedure: 

1. Mix titanium isopropoxide with ultra-
pure water in a Teflon-lined autoclave. 

2. Treat hydrothermally at 200°C for 24 h. 
3. Wash the resulting white solid with 

water and ethanol. 
4. Calcine at 500°C for 3 h.

Characterization: 

• anatase phase via XRD
• {101} facet morphology via TEM

• vibrationalmodes via Raman 
spectroscopy

Input (x)

• Material: Anatase TiO₂ nanocrystals 

exposing {101} facets
• Method: Hydrothermal facet engineering

• Domain: Photocatalysis

{ "type": "compound_name",
  "text": "titanium isopropoxide",
  "span": [11, 32] },
{ "type": "formula",
  "text": "Ti(OCH(CH₃)₂)₄",
  "span": [34, 49] },
{ "type": "numerical_value",
  "text": "20 mL",
  "span": [...] },
{ "type": "equipment",
  "text": "Teflon-lined autoclave",
  "span": [...] },
{ "type": "action_verb",
  "text": "Calcine",
  "span": [...] }
...

Entity Annotations

LLM (NER)

NER Instruction: 
“Extract all chemical entities; classify each as 

one of 8 types spanning representational and 

error categories"

Entity Extraction

Materials: 
• titanium isopropoxide -> Ti(OCH(CH₃)₂)₄
• ultra-pure water -> H₂O

 Procedure: 

1. Mix Ti(OCH(CH₃)₂)₄ with H₂O …

Equipment: 
• Teflon-lined autoclave -> hot place

 Procedure: 
1. 1. Mix titanium isopropoxide with ultra-

pure water in a hot plate.

2. Treat hydrothermally at 500°C for 24 h
3. ...

4. Cool at 500°C for 3 h.

Equivalence Rewriting

Public 
chemical DB

Rule-based
substitution

Faithfulness Probes

Error Injection

threshold

Stability

𝑱(𝒙, 𝒚∗)

𝑱(𝒙, ෝ𝒚)

𝑱(𝒙, 𝒚∗)

𝑱(𝒙, ෥𝒚)

Validity

Metrics

Figure 2: Overview of ASSAY. Given a ground-truth recipe y∗ and synthesis target x, entity extraction identifies
chemical entities, which are then rewritten via one of eight swap types (Table 1). Error Injection (pink) produces
scientifically invalid recipes ỹ to probe Validity, while Equivalence Rewriting (blue) produces semantically equivalent
recipes ŷ to probe Stability.

2.2 Reference-free Evaluation

Reference-free evaluation has emerged as a distinct
paradigm for settings in which canonical answers
are unavailable, extended to diverse domains un-
der different calibration regimes. When the task is
open-ended, judges are calibrated by aggregating
human preferences over intrinsic qualities such as
coherence and engagement (Chiang and Lee, 2023;
Zheng et al., 2023; Liu et al., 2023), which has also
been extended to vision-language tasks (Chen et al.,
2024a; Lee et al., 2024). When the task admits ob-
jective verification, judges are calibrated against
domain-specific signals, including executable test
cases in code generation (Tong and Zhang, 2024;
Zhuo, 2024), reference translations in machine
translation (Rei et al., 2022), and curated answer
keys in mathematical reasoning (Xia et al., 2025).
Materials synthesis recipe evaluation is amenable
to neither path, as a recipe’s scientific validity is
determined only by physical execution, motivat-
ing a diagnostic approach that can establish judge
faithfulness before any physical execution.

2.3 Representational Robustness in Scientific
Language Models

Scientific language models exhibit sensitivity to
meaning-preserving transformations of domain-
specific inputs. As predictors, chemical language
models such as ChemBERTa-2 (Ahmad et al.,
2022) and MolT5 (Edwards et al., 2022) are
sensitive to surface-level variations of SMILES

strings (Ganeeva et al., 2025; Hao et al., 2026), and
analogous fragility has been reported for biomedi-
cal (Moradi and Samwald, 2022) and protein lan-
guage models (Carbone et al., 2022). As transla-
tors, they exhibit limited consistency across nota-
tional conventions and limited accuracy in conver-
sion (Yan et al., 2025; Runcie et al., 2025). Yet
these analyses have focused on the predictive and
translational roles of scientific language models,
leaving their evaluative role largely unexamined.

3 Diagnosing Judge Faithfulness

We present ASSAY, a probe suite for auditing the
faithfulness of reference-free scientific judges. We
define the evaluation task in §3.1, describe the faith-
fulness probes in §3.2, and formalize the resulting
metrics in §3.3.

3.1 Task Setup

To examine whether reference-free judges evalu-
ate scientific content or surface form, we adopt the
materials synthesis recipe evaluation task of Kim
et al. (2025), in which a judge model J scores a
candidate recipe y on a 1–5 rubric given only a
synthesis target x, producing a scalar overall score
s = J(x, y). The ground-truth recipe y∗ is un-
available to the judge, as novel materials synthe-
sis lacks established synthesis routes (Szymanski
et al., 2023). We evaluate thirteen judge models
on the 169 high-impact test recipes from Alche-
myBench (Kim et al., 2025), spanning three cate-
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Table 1: The eight swap types for faithfulness probes. Error Injection produces scientifically invalid recipes ỹ;
Equivalence Rewriting produces semantically equivalent recipes ŷ.

Mode Swap Type Definition Example

Error
Injection
(ỹ)

Element Replace element with same-group element Li → Na
Numerical Replace quantity with infeasible value 850 ◦C → 1700 ◦C
Equipment Replace equipment with incompatible alternative furnace → hot plate
Action Replace verb with its antonym heat → cool

Equivalence
Rewriting
(ŷ)

Formula Convert compound name to molecular formula ethanol → C2H6O
Name Convert molecular formula to common name C2H6O → ethanol
IUPAC Convert compound name or formula to IUPAC systematic

name
acetone → propan-2-one

Cross-lingual Translate full recipe text to another language “Dissolve. . . ”
→ “dissoudre. . . ”

gories: general-purpose Instruct models, Reason-
ing-augmented models, and evaluation-Specialized
models. The full evaluation rubric, prompt tem-
plates, and model details are provided in Ap-
pendix A.

3.2 Faithfulness Probes
To systematically diagnose the two failure modes—
false positives that accept invalid recipes and false
negatives that penalize equivalent ones—we con-
struct augmentation variants of y∗ along two com-
plementary modes, as illustrated in Figure 2. Both
modes first extract the set of chemical entities
from y∗ via LLM-based NER (Appendix B.1), then
rewrite each according to predefined rules.

Error Injection replaces identified entities with
scientifically invalid alternatives—for example,
substituting an element with one from the same
periodic group or reversing a procedural verb to
its antonym. We define the resulting error injected
recipe ỹ as

ỹ = Terr(y
∗) . (1)

Equivalence Rewriting converts identified entities
into semantically equivalent representations—for
example, converting a compound name to its molec-
ular formula or translating the recipe into another
language. We define the resulting equivalent rewrit-
ten recipe ŷ as

ŷ = Teq(y
∗) . (2)

Equivalence holds only when the target representa-
tion uniquely determines the chemical species, and
conversions failing this criterion are removed by
the verification below.

Each augmentation mode operates through four
swap types defined in Table 1, each a rule-based
transformation over a typed entity slot whose in-
tended label is determinable without free-form

judgment, and implementation details are provided
in Appendix B.2. Three materials science experts
independently annotated 595 augmented entities to
verify whether each output matched its intended
label. Augmentations that a majority of annota-
tors judged as failing were excluded, and all sub-
sequent experiments use this filtered subset (Ap-
pendix B.3).

3.3 Metrics

Both transformations are parameterized by a
rate ρ ∈ (0, 1] controlling the fraction of enti-
ties rewritten, yielding ỹρ = Terr(y

∗, ρ) and ŷρ =
Teq(y

∗, ρ).

Validity measures whether judges detect scien-
tifically invalid recipes. At each ρ, we identify
an Error Injection output ỹρ as detected when the
judge assigns it a substantially lower score than y∗:

d(ỹρ) = 1
[
J(x, y∗)− J(x, ỹρ) > τ

]
, τ = 0.5 .

(3)
The detection rate at each ρ is defined as V (ρ) =
1
N

∑N
i=1 d(ỹi,ρ). VALIDITY aggregates V (ρ) into

a single score via trapezoidal AUC over ρ ∈
{0.01, 0.02, 0.05, 0.10, 0.15}, normalized to [0, 1].

Stability measures whether judges preserve
scores under semantically equivalent rewriting. At
each ρ, we identify an Equivalence Rewriting out-
put ŷρ as stable when the judge’s score remains
within τ of the ground-truth score:

d(ŷρ) = 1
[
|J(x, y∗)−J(x, ŷρ)| ≤ τ

]
, τ = 0.5 .

(4)
STABILITY is defined analogously by aggregating
stability rate S(ρ) = 1

N

∑N
i=1 d(ŷi,ρ).

Accuracy captures overall faithfulness as the
AUC of the combined correctness rate, the fraction
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Category Model Val. Stab. Acc.

Instruct

Llama-3.1-8B .203 .772 .455
Llama-3.3-70B .257 .870 .529
Qwen3-8B .310 .763 .514
Qwen3-32B .364 .780 .552
GPT-4o .439 .757 .586
Claude-Sonnet-4.5 .587 .699 .641

Average .360 .773 .546

Reasoning

Qwen3-8B-Think .554 .501 .536
Qwen3-32B-Think .578 .523 .559
o4-mini .713 .434 .596
GPT-5-mini .603 .712 .658
Gemini-3.1-Pro .714 .778 .749

Average .632 .590 .619

Specialized JudgeLRM-7B .469 .423 .453
Prometheus-7B-v2 .362 .329 .347

Average .415 .376 .400

r = 0.62

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
V( )

0.3

0.4

0.5

0.6

0.7

0.8

0.9

S(
)

Instruct Reasoning Specialized

Figure 3: Left: AUC summary of Validity (Val.), Stability (Stab.), and Accuracy (Acc.) for thirteen reference-free
judges. Bold and underline mark the best and second-best per column. Right: S(ρ) vs. V (ρ) trajectories as ρ
increases from 0.01 to 0.15. Thick lines trace category averages; thin lines show individual models (◦= ρ=0.01,
•= ρ=0.15). The dashed line shows a linear fit over Instruct and Reasoning models (r = −0.62, p = 0.043).

of all ỹρ and ŷρ recipes that receive a correct bi-
nary decision at each ρ. Both metrics are computed
against the anchor score J(x, y∗), a quantity avail-
able to the diagnostic procedure but never provided
to the judge, which observes only the synthesis
target and the candidate recipe.

4 How Faithful Are Reference-Free
Scientific Judges?

We address this question through four analyses. We
first establish that current judges exhibit a system-
atic Stability–Validity trade-off (§4.1), then iden-
tify which swap types are most challenging (§4.2).
We next examine how training stages shift the bal-
ance between the two metrics (§4.3), and finally
assess whether failure patterns vary across synthe-
sis domains (§4.4).

4.1 The Stability–Validity Trade-off (RQ1)

Current reference-free judges exhibit a systematic
trade-off in which higher error sensitivity entails
lower representational robustness. Figure 3 (left)
reports Validity, Stability, and Accuracy for all thir-
teen judges, yielding a significant negative correla-
tion across the eleven Instruct and Reasoning mod-
els (r = −0.62, p = 0.043; r = −0.80 exclud-
ing Gemini-3.1-Pro). Among all thirteen judges,
Gemini-3.1-Pro achieves the best balance of the
two metrics. At the category level, Reasoning mod-
els achieve the highest average Validity (0.63) but

the lowest Stability (0.59), while Instruct models
show the opposite (Validity 0.36, Stability 0.77).
Specialized models trained for general-domain eval-
uation perform worst on both metrics (Validity 0.42,
Stability 0.38), confirming that evaluation ability
on general benchmarks does not transfer to scien-
tific faithfulness.

The category-average trajectories in Figure 3
(right) reveal how each category responds to in-
creasing augmentation magnitude. On Valid-
ity, Reasoning models show the steepest rise
(∆ = +0.57), confirming that they are not only more
accurate but also more sensitive to injected errors.
Specialized models, by contrast, show the flattest
trajectory (∆ = +0.21), indicating that their low Va-
lidity reflects not just weaker performance but a fun-
damental insensitivity to error signals. On Stability,
all three categories decline by a similarly modest
margin (Instruct ∆ =−0.12, Reasoning ∆ =−0.17,
Specialized ∆ =−0.07), suggesting that false nega-
tives are driven less by the magnitude of rewriting
than by whether the judge recognizes the rewritten
entities as semantically equivalent.

4.2 Which Swap Types Are Most
Challenging? (RQ2)

To identify which swap types drive the failures
observed in RQ1, we apply each swap type inde-
pendently by replacing all identified entities of that
type, isolating the effect of each type on judge be-
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Table 2: Per-type detection rate and stability rate aver-
aged by category at full augmentation per type. Sub-
scripts denote standard deviation across models. Darker
shading indicates higher values within each mode.

Error Injection Type

Elem. Num. Equip. Action

Instruct .562 .05 .574 .05 .570 .06 .550 .03

Reas. .666 .06 .697 .09 .668 .09 .598 .06

All .561 .13 .586 .13 .570 .13 .532 .11

Equivalence Rewriting Type

Formula Name IUPAC Cross-l.

Instruct .795 .05 .809 .05 .756 .07 .805 .08

Reas. .573 .10 .671 .11 .598 .09 .643 .12

All .640 .18 .693 .16 .632 .16 .676 .18

havior (Table 2).
On Error Injection, Action reversal is consis-

tently the least detectable type across all model
categories. Reversing procedural verbs preserves
the structural form of a synthesis step while ren-
dering it scientifically incoherent, a distinction that
current judges rarely penalize. On Equivalence
Rewriting, Name conversion is the most stable type
across all categories, while IUPAC and Formula
conversions are the least stable. Notably, IUPAC
systematic names are penalized despite following
a compositional syntax with explicit positional and
functional-group encoding (e.g., propan-2-one for
acetone), while common names such as water and
ethanol are readily accepted. This suggests that
structural regularity alone does not ensure repre-
sentational tolerance, and that judge stability is
shaped more by exposure to specific notational
conventions during pretraining than by the formal
structure of the notation itself.

4.3 Where Does the Stability–Validity
Trade-off Originate? (RQ3)

To trace how the Stability–Validity balance evolves
during training, we measure both metrics at ρ =
0.15 across three stages of the LLaMA-3.1-8B fam-
ily (Grattafiori et al., 2024), which are Pretrained
(self-supervised), Instruct (+SFT and DPO), and
Reasoning (+RLOO and RPO via Nemotron-Nano-
8B-v1; Singhal et al. 2025).

As shown in Figure 4, each training stage shifts
the balance between the two faithfulness require-
ments in a way that reflects its learning objec-
tive. Instruction tuning yields the highest Stability
(74.3%) but moderate Validity (62.7%), suggesting
that this stage prioritizes tolerance toward varied
input formats over strict content verification. Rea-

Pretrained
(Self-supervised)

Instruct
(+SFT +DPO)

Reasoning
(+RLOO +RPO)

0.00

0.20

0.40

0.60

0.80

1.00

D
et

ec
ti

on
 r

at
e .667

.300

.743

.627

.753

.592

Validity
Stability

0.00

0.20

0.40

0.60

0.80

1.00
Stability rate

Figure 4: Detection rate and stability rate at ρ = 0.15
across training stages of the LLaMA-3.1-8B family. In-
struction tuning prioritizes Stability over Validity; rea-
soning tuning reverses this balance. The Pretrained
stage produces outputs conforming to the evaluation
format for fewer than 8% of recipes.

soning tuning reverses this balance. Validity rises
to 75.3% while Stability drops to 59.2%, indicat-
ing that the model becomes more stringent overall,
penalizing not only scientifically invalid content
but also notational variants it has not learned to
recognize as equivalent.

This pattern mirrors the Instruct–Reasoning di-
vergence observed across different model families
in RQ1, suggesting that the trade-off is shaped by
the training regime rather than model architecture.
The Pretrained stage achieves 66.7% Validity but
only 30.0% Stability; however, fewer than 8% of
its outputs conform to the prescribed evaluation
format, limiting the reliability of these estimates.

4.4 Do Failure Patterns Vary Across Synthesis
Domains? (RQ4)

To examine whether failure patterns generalize
across synthesis domains, we partition the test set
into five application domains following the Alche-
myBench (Kim et al., 2025) labels and report mean
overall scores per swap type in Figure 5. Energy
and Electronics recipes, which constitute the ma-
jority of the test set, follow the aggregate pattern
from RQ2. Action remains the hardest error type
to detect, and IUPAC the least stable equivalence
type. The remaining three domains deviate in ways
that reflect their distinct chemical characteristics.

On Error Injection, the most challenging swap
type varies by domain. In Environmental recipes, it
shifts from Action to Element, where same-group
substitutions produce formally charge-compatible
formulas (e.g., K → Li in a eutectic carbonate) that
judges accept as valid despite differences in precur-
sor solubility, phase stability, and thermodynamic
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3.77 3.81 3.87 3.66 3.85 3.59

3.2
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4.0

3.2
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Figure 5: Mean overall score by swap type and synthesis
domain, averaged across all judge models. The ground-
truth row (grey) provides the baseline score for each
domain. For Error Injection (red), darker cells indicate
higher scores, reflecting undetected errors. For Equiv-
alence Rewriting (blue), darker cells indicate higher
scores, reflecting greater representational stability.

feasibility (Szymanski et al., 2023). In Healthcare
recipes, both Numerical and Equipment swaps re-
main nearer to the ground-truth baseline than in
any other domain, since biomedical synthesis re-
lies on precise parameter ranges and functionally
specialized instruments whose roles are not inter-
changeable (e.g., replacing an ultrasonic bath with
a water bath removes the cavitation essential to
nanoparticle dispersion).

On Equivalence Rewriting, Formula conversion
drops sharply in Environmental recipes, partly be-
cause polymeric and composite materials prevalent
in this domain lose structural information when re-
duced to monomer-level formulas (Lin et al., 2019)
(e.g., HDPE → C2H4). These variations indicate
that the most challenging swap type is domain-
dependent even within materials synthesis, raising
the question of whether the trade-off itself persists
in other scientific fields.

Beyond materials synthesis. To test whether the
trade-off extends beyond materials synthesis, we
apply the identical pipeline to 200 biological lab-
oratory protocols from BioProBench (Liu et al.,
2025), adapting only the biological field-specific
components while leaving the augmentation logic,

Table 3: Validity and Stability AUC on materials syn-
thesis and biological protocols. The trade-off persists
across fields while its direction shifts.

Materials Biology

Judge Val. Stab. Val. Stab.

GPT-5-mini .603 .712 .733 .311
Qwen3-8B .310 .763 .640 .236
Qwen3-8B-Think .554 .501 .647 .248

the rate schedule, and the metric definitions un-
changed. Entity types are remapped to the bio-
logical setting, the judge prompt and rubric are
rephrased for protocol evaluation, and substitution
dictionaries for the new entity types are generated
by prompting an LLM with minimal manual fil-
tering, as a proof of concept for low-cost transfer.
As shown in Table 3, the Stability–Validity trade-
off reappears across all three judges, and its direc-
tion shifts between the two fields. Judges that are
stable but error-insensitive on materials become
error-sensitive but unstable on biological protocols,
with Stability dropping sharply for all three. The
dilemma is thus not specific to one field, while
the particular failure a judge exhibits is, motivat-
ing calibration to the target field as future work.
We release the biology configuration alongside the
materials one.

5 Mitigating the Stability–Validity
Trade-off

The augmentations introduced in §3.2 carry in-
tended labels that naturally define contrastive pref-
erence pairs at zero annotation cost. We exploit this
signal to train SynthJudge-8B, a reference-free
judge that resolves the Stability–Validity trade-off.

5.1 Training Setup
Dataset Construction. We construct contrastive
pairs by comparing the outputs of a panel of four
judge models {Mk}Kk=1 on each augmented recipe.
Each model produces a response rk consisting of a
step-by-step rationale followed by an overall score
Jk(·). Preference order is determined by the score,
while the DPO (Rafailov et al., 2023) objective
optimizes over the full response.

To establish a per-sample quality baseline, we
define an anchor score as the median over all judges
and Equivalence Rewriting rates,

a(x) = median
(
{Jk(x, ŷρ)}k,ρ

)
. (5)

Because each ŷρ is semantically equivalent to y∗,
aggregating across four models and five rates yields
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Table 4: Mitigation results. Knowledge augmenta-
tion (KA) variants are applied to Qwen3-8B at infer-
ence time. SynthJudge-8B is trained via DPO on 92K
contrastive pairs derived from the augmented recipes.
Deltas are relative to the Instruct model.

Model Validity Stability Accuracy

Qwen3-8B (base) .310 .763 .514
+ ChemDict .357 (+.047) .697 (–.066) .527 (+.013)
+ RAG .305 (–.005) .738 (–.025) .521 (+.007)
+ CD+RAG .312 (+.002) .734 (–.029) .523 (+.009)

SynthJudge-8B .836 (+.526) .866 (+.103) .851 (+.337)

a debiased estimate of sample quality that is more
robust than any single model’s score on y∗.

Given two judges Mi and Mj that produce differ-
ent scores on the same augmented recipe, we select
the preferred response based on the augmentation
mode. For Error Injection, the response assigning
the lower score is preferred, as it better detects the
injected error:

(rw, rl) =

{
(ri, rj) if Ji(x, ỹ) < Jj(x, ỹ),

(rj , ri) otherwise.
(6)

For Equivalence Rewriting, the direction reverses—
the response assigning the higher score is preferred,
as it is more robust to surface-form variation. We re-
tain pairs whose score margin exceeds δmin = 0.5
and exclude responses whose scores deviate sub-
stantially from the anchor. Up to five pairs are
selected per recipe per augmentation setting, yield-
ing 102K pairs comprising 92K training and 10K
validation pairs. Full filtering criteria and augmen-
tation configurations are provided in Appendix D.

Training Objective. Following the contrastive
judge training paradigm of Ye et al. (2024), we
initialize SynthJudge-8B from Qwen3-8B (Yang
et al., 2025) and optimize the Direct Preference
Optimization objective (Rafailov et al., 2023):

LDPO = −E
[
log σ

(
β log πθ(rw|x)

πref(rw|x)

− β log πθ(rl|x)
πref(rl|x)

)]
, (7)

where πθ is the policy being trained, πref is the
frozen Qwen3-8B reference, and β controls the
deviation from the reference.

5.2 Results

We first examine whether supplying domain knowl-
edge at inference time can resolve the faithfulness
failures without additional training. We supplement
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Figure 6: S(ρ) vs. V (ρ) trajectories as ρ increases from
0.01 to 0.15. Thick lines trace the best-performing
model per category from Figure 3; thin lines show re-
maining individual models. The shaded region marks
the trade-off observed in §4.1. SynthJudge-8B operates
above even the strongest baselines across all augmenta-
tion rates.

the Qwen3-8B base judge with a chemistry dictio-
nary that maps entity names to canonical forms
(ChemDict), a retrieval module that provides sim-
ilar training-set recipes as in-context references
(RAG), and their combination (CD+RAG). As
shown in Table 4, all three variants yield marginal
Accuracy gains over the base model, and ChemDict
raises Validity (0.310 → 0.357) but degrades Sta-
bility (0.763 → 0.697). This pattern is consistent
across variants. Each improves one metric at the
expense of the other, shifting the trade-off rather
than resolving it.

SynthJudge-8B, trained on 92K augmented con-
trastive pairs, advances all three metrics simultane-
ously, raising Accuracy from 0.514 to 0.851. Fig-
ure 6 plots the S(ρ)–V (ρ) trajectory of the trained
judge alongside the best-performing model per cat-
egory from Figure 3. While even the strongest
baselines remain bound by the trade-off, our model
operates above it across all augmentation rates. On
Validity, this advantage is most pronounced at low
rates, where baseline judges struggle most. At
ρ = 0.01, where only one or two entities are mod-
ified, it already detects 40.2% of injected errors,
compared to 18.0% for the best Instruct model and
33.0% for the best Reasoning model. On Stability,
it remains above 0.78 across all rates, declining at a
pace comparable to the best Instruct model despite
substantially higher Validity, confirming that its er-
ror sensitivity does not come at the cost of represen-

34587



Table 5: Leave-one-swap-type-out results. Validity and
Stability are AUC over ρ ∈ {1, 2, 5, 10, 15}% on the
full test set. Action and IUPAC columns report detec-
tion rate and stability at ρ = 1.0. Parentheses give the
change from the full model, with the withheld type in
bold.

Setting Val. Stab. Action IUPAC

SynthJudge-8B .836 .866 .615 .858

− Action .816
(–.020)

.880
(+.014)

.527
(–.088)

.929
(+.071)

− IUPAC .796
(–.040)

.882
(+.016)

.539
(–.076)

.828
(–.030)

tational tolerance. Appendix D.6 presents represen-
tative case studies illustrating how SynthJudge-8B
resolves both failure modes at the individual recipe
level.

Generalization beyond the swap taxonomy. Be-
cause SynthJudge-8B is trained on pairs derived
from the same taxonomy used for evaluation, a
natural concern is that it learns type-specific pat-
terns rather than transferable judgment. To test
this, we withhold one swap type from the training
pairs, retrain with identical hyperparameters, and
evaluate on the held-out type, choosing Action as
the hardest Error Injection type and IUPAC as the
least stable Equivalence Rewriting type (§4.2). As
shown in Table 5, both variants stay within 0.04
of the full model on overall Validity and Stabil-
ity. On the withheld type itself, IUPAC stability
falls by only 0.030, and Action detection by 0.088
while still detecting over half of injected errors on
the type every judge finds hardest (§4.2). Cross-
type scores move by less than 0.02, indicating that
SynthJudge-8B acquires judgment that transfers
across the taxonomy rather than detectors specific
to individual swap types.

Human Expert Agreement. A natural concern
is whether improving Validity and Stability through
contrastive training degrades agreement with hu-
man expert judgments. Table 6 reports Pearson
correlation with expert ratings on 20 recipes drawn
from the publicly released AlchemyBench eval-
uation set (Kim et al., 2025), re-evaluated under
our reference-free protocol. Agreement in this set-
ting is substantially lower than in reference-based
evaluation, as neither the judge nor the expert has
access to a ground-truth recipe. SynthJudge-8B
attains r = 0.412, comparable to GPT-4o (0.416)
and the base Qwen3-8B (0.405). Resolving the
trade-off provides no evidence of degraded expert
alignment, and per-model results are reported in

Table 6: Pearson correlation with three materials science
experts on 20 reference-free evaluations.

Category Model Expert r

Open-source
Qwen3-8B-Think .537
Qwen3-8B (base) .405
Llama-3.3-70B .356

Proprietary GPT-4o .416
o4-mini .117

Ours SynthJudge-8B .412

Appendix D.7.

6 Conclusion

We presented ASSAY, a probe suite that di-
agnoses the faithfulness of reference-free LLM
judges through two complementary augmentation
modes. Evaluation of thirteen judge models re-
vealed a systematic Stability–Validity trade-off,
in which higher sensitivity to scientific errors en-
tails lower tolerance for equivalent notational vari-
ation. SynthJudge-8B, trained via DPO on con-
trastive pairs derived from the same augmentations,
resolves this trade-off by simultaneously improv-
ing Validity and Stability while maintaining expert
agreement. We release our probe suite and trained
model to support faithful automated evaluation in
scientific fields beyond materials synthesis.
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Limitations

Our work has several limitations that suggest direc-
tions for future research. First, ASSAY requires
validated ground-truth recipes for probe construc-
tion. This requirement applies only to the diagnos-
tic, not to the judge it audits, which scores candi-
date recipes without any reference at inference time.
The diagnostic itself is therefore reference-derived
and cannot be run where no validated recipe ex-
ists for the target material. Second, our evaluation
relies on a 1–5 rubric-based scoring paradigm in-
herited from AlchemyBench (Kim et al., 2025),
which may not capture all dimensions of scien-
tific validity. Alternative evaluation formats such
as pairwise comparison or verification-based as-
sessment remain unexplored. Third, the Formula
swap type exhibits the lowest inter-annotator agree-
ment among all types (AC1 = 0.30), reflecting cases
in which automated formula assignment produces
non-equivalent representations for polymers and
large organic molecules. While we mitigate this
through majority-vote filtering, the limitation re-
duces the effective sample size for this type. Fi-
nally, our human expert evaluation is conducted
on a small set of 20 recipes with three annotators,
which limits the statistical power of expert agree-
ment estimates.
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A Task Setup

This appendix details the evaluation rubric, judge
prompt templates, and model configurations used
in our experiments.

A.1 Evaluation Rubric

We adopt the evaluation rubric of Alchemy-
Bench (Kim et al., 2025) with minor modifications
for the reference-free regime. The rubric organizes
a synthesis recipe into four components—materials,
equipment, procedure, and characterization—and
the judge rates the candidate on a 1–5 scale in 0.5
increments. The reference-free mode evaluates five
criteria (materials appropriateness, equipment ap-
propriateness, procedure completeness, procedure
feasibility, and characterization appropriateness)
and an overall score.

A.2 Judge Prompts

Each prompt assigns the judge the role of an expert
materials scientist and provides (1) the target mate-
rial description and (2) the candidate recipe. The
judge is instructed to produce step-by-step reason-
ing followed by a JSON object containing scores
for each criterion. All scores use a 1–5 scale with
0.5 increments. The complete prompt template is
shown in Figure 7. JudgeLRM-7B (Chen et al.,
2025) uses a separate prompt tailored to its native
format, which elicits a single overall score on a
1–10 scale within structured <think>/<answer>
tags. Scores are linearly rescaled to the 1–5 range
used by all other models.

A.3 Judge Models

Table 7 lists the thirteen baseline judge models eval-
uated in §4, grouped by category. Models served
via OpenRouter use greedy decoding (temperature
0). Models served via vLLM use temperature 0.6,
the engine default.

B ASSAY Details

This appendix complements §3, providing the full
NER prompts (§B.1), swap type implementations
(§B.2), and label verification results (§B.3).

B.1 Materials Entity Recognition Prompts

The entity extraction step uses two NER prompts,
one per augmentation mode, that share the same in-
struction format but extract disjoint entity types.
The prompt for Equivalence Rewriting extracts
the four representational entity types (formula,

Table 7: Judge models evaluated in this work.

Category Model

Instruct

Llama-3.1-8B (Grattafiori et al., 2024)
Llama-3.3-70B
Qwen3-8B (Yang et al., 2025)
Qwen3-32B
GPT-4o (Hurst et al., 2024)
Claude-Sonnet-4.5 (Anthropic, 2025)

Reasoning

Qwen3-8B-Think
Qwen3-32B-Think
o4-mini (OpenAI, 2025)
GPT-5-mini (Singh et al., 2025)
Gemini-3.1-Pro (Google DeepMind, 2026)

Specialized JudgeLRM-7B (Chen et al., 2025)
Prometheus-7B-v2 (Kim et al., 2024)

compound_name, abbreviation, iupac_name)
and is shown in Figure 8; the prompt for Error
Injection extracts the four content-bearing entity
types (element, numerical_value, equipment,
action_verb) and is shown in Figure 9. Both
prompts use GPT-4.1-mini (OpenAI, 2025) with
deterministic decoding with temperature of 0.

B.2 Swap Type Implementation

Each swap type takes as input the entities identified
by the NER step and rewrites a subset of them into
either a scientifically invalid alternative (Error In-
jection) or a semantically equivalent representation
(Equivalence Rewriting). The subset to be rewrit-
ten is selected per recipe by the augmentation rate
ρ, whose implementation is detailed at the end of
this section. Outputs are deterministic given the
same input recipe, NER cache, and random seed.

Error Injection swap types. The four swap types
are implemented as rule-based substitutions over
typed entity slots, each backed by a hand-curated
dictionary. Element replaces an element with an-
other from the same periodic group (82 elements
across 19 categories). Numerical scales a value
by a unit-specific multiplier designed to push it
outside physically feasible ranges (10 unit cate-
gories). Equipment replaces laboratory equipment
with an incompatible alternative, with auxiliary
abbreviation resolution (51 rules across 6 cate-
gories). Action replaces a procedural verb with
its antonym, preserving inflection (55 verb pairs
across 5 categories). Full dictionaries are provided
in the released codebase.

Equivalence Rewriting swap types. Formula,
Name, and IUPAC share a common resolution
pipeline. Each entity identified by the Equiva-
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Reference-free judge prompt

You are an expert materials scientist tasked with evaluating an AI-generated synthesis recipe. You will be provided with:
1. Target material description
2. AI-generated recipe

Please evaluate the AI-generated recipe according to the following criteria on a scale of 1–5 (1.0: poor, 5.0: excellent,
0.5 step). Provide detailed justification for each score.

Guidelines for evaluation:
1. Materials — Appropriateness: Are the selected materials suitable for the target synthesis?
2. Equipment — Appropriateness: Is the selected equipment suitable?
3. Procedure — Completeness: Are all necessary steps included with sufficient detail? Feasibility: Can this procedure
be realistically executed in a lab?
4. Characterization — Appropriateness: Are the metrics suitable for validating success?

Output format: Step-by-step reasoning first, then JSON score result:
{"materials_appropriateness_score": float,
"equipment_appropriateness_score": float,
"procedure_completeness_score": float,
"procedure_feasibility_score": float,
"characterization_appropriateness_score": float,
"overall_score": float}

Figure 7: Reference-free judge prompt used for all models except JudgeLRM-7B, which uses a dedicated prompt
with a 1–10 scale and <think>/<answer> format.

lence Rewriting NER step is first queried against
the PubChem REST API (Kim et al., 2023) for
its molecular formula, IUPAC name, and common
name. When the entity is an abbreviation accompa-
nied by a parenthetical definition in the recipe text
(e.g., poly(ethylene oxide) (PEO)), the parenthet-
ical full name is queried preferentially to avoid
mis-resolution of polymer abbreviations whose
acronyms often clash with unrelated compounds.
Entities for which PubChem (Kim et al., 2023) re-
turns no result are forwarded to a general-purpose
LLM, which returns the same target fields and is
required to output null for any field on which it
lacks confidence. Each candidate is validated be-
fore use: formulas must match a chemical-formula
regex, IUPAC names must lie within a 3–120 char-
acter window, and any candidate identical to the
original entity text is discarded.

Cross-lingual. This swap type rewrites the full
recipe text from English into a target language
using GPT-4.1-mini (OpenAI, 2025). The imple-
mentation supports ten target languages (Korean,
Japanese, Chinese, German, French, Spanish, Por-
tuguese, Russian, Arabic, Hindi); all experiments
in this paper use Korean as the target language. Un-
like the other seven swap types, Cross-lingual
does not consume the entity annotations from the
NER step.

Augmentation rate. The body text of §3.3
introduces the augmentation rate ρ ∈ (0, 1]
as the fraction of identified entities augmented.
Implementation-wise, ρ is realized through a token-
level measure that more directly captures the mag-
nitude of textual change. Define the unique token
set of a recipe as the set of distinct alphanumeric
tokens after case-folding. For an original recipe y∗

and its augmented variant y′, we measure

ρactual =
|T (y∗) \ T (y′)|

|T (y∗)| , (8)

that is, the fraction of unique tokens present in y∗

but absent from y′. To realize a requested ρ, the
swap type iteratively selects entities and applies
its rewriting rule until the accumulated token rate
matches ρ within a tolerance of one token or 0.5
percent of the unique-token count, retrying at most
three times under different random orderings if the
tolerance is not met.

B.3 Label Verification

Protocol. Three materials science researchers
independently annotated 595 augmented entities
sampled across the eight swap types, with sam-
ples stratified by type to ensure balanced cover-
age. Each augmentation was presented alongside
its corresponding ground-truth recipe and synthe-
sis target. For Error Injection outputs, annotators
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NER prompt for Equivalence Rewriting

You are a materials science NER system. Extract ALL chemical entities from the given synthesis recipe text.

For each entity, classify its type as one of:
- "formula": Chemical formulas like H2O, SiO2, TiO2, NaCl, Fe3O4, CH3OH
- "compound_name": Common chemical names like “ethanol”, “titanium dioxide”, “sodium hydroxide”
- "abbreviation": Chemical abbreviations like “TEOS”, “PVA”, “CTAB”, “DMF”, “DMSO”
- "iupac_name": IUPAC systematic names like “tetraethyl orthosilicate”, “poly(vinyl alcohol)”

Rules:
- Extract every distinct chemical entity mentioned in the text
- Include elements when used as chemical substances (e.g., “gold”, “silicon”, “Ar” as argon gas)
- Include solvents, precursors, reagents, catalysts, dopants, substrates, and products
- DO NOT include: equipment names (furnace, autoclave), techniques (XRD, SEM, TEM), units (mL, mg, nm), or
generic terms (solution, mixture, sample, substrate when not a specific material)
- DO NOT include process parameters (temperature, pressure, time values)
- If the same entity appears multiple times, include it only ONCE

Return a JSON object with a single key "entities" containing an array of objects, each with "text" (exact string as it
appears) and "type" fields.

Example output:
{"entities": [{"text": "TiO2", "type": "formula"},
{"text": "ethanol", "type": "compound_name"},
{"text": "TEOS", "type": "abbreviation"}]}

Figure 8: NER prompt for Equivalence Rewriting. The prompt extracts the four representational entity types that
serve as inputs to the Formula, Name, IUPAC, and Cross-lingual swap types.

judged whether the injected modification rendered
the recipe scientifically invalid; for Equivalence
Rewriting outputs, annotators judged whether the
substituted representation preserved the chemical
identity of the original entity. Annotation was bi-
nary in both cases.

Agreement metric. We report inter-annotator
agreement using Gwet’s AC1 (Gwet, 2008) rather
than Fleiss’ κ. The Error Injection labels exhibit a
heavily skewed marginal distribution under which
Fleiss’ κ is known to underestimate agreement due
to the prevalence paradox. Gwet’s AC1 is designed
to remain stable in this regime.

Per-type results. Table 8 reports observed agree-
ment and AC1 for each of the eight swap types.
On Error Injection, all four types achieve AC1
above 0.89, confirming that the intended labels are
highly reliable. On Equivalence Rewriting, Name
and IUPAC achieve high to moderate AC1, while
Formula is the principal source of disagreement
(AC1 = 0.30, observed agreement 69.7%), reflect-
ing cases in which automated formula assignment
produces non-equivalent representations for poly-
mers and large organic molecules. We treat this as
a documented limitation of the Formula swap type,
as the affected outputs remain a minority and the

Mode Swap Type Agreement AC1

Error Injection

Element 0.99 0.98
Numerical 0.95 0.89
Equipment 0.94 0.95
Action 0.99 0.98

Equivalence Rewriting
Name 0.91 0.89
IUPAC 0.79 0.49
Formula 0.70 0.30

Table 8: Per-type inter-annotator agreement and
Gwet’s AC1. Error Injection shows consistently high
agreement, while Equivalence Rewriting shows type-
dependent variability, with Formula as the principal
source of disagreement.

residual disagreement is concentrated on a single
type.

C Additional Results

C.1 Per-Rate Validity and Stability

Table 9 reports per-rate Validity and Stability scores
underlying the AUC values in Figure 3. The pink
gradient confirms that Validity increases monotoni-
cally with ρ for all models, while the blue gradient
shows that Stability degrades more gradually, con-
sistent with the asymmetric sensitivity discussed in
§4.1.
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NER prompt for Error Injection

You are a materials science NER system. Extract ALL relevant entities from the given synthesis recipe text.

For each entity, classify its type as one of:
- "element": Chemical element symbols used as substances or in recognizable positions within formulas. Include
elements at word boundaries or recognizable formula boundaries (e.g., “Li” in LiTFSI, “P” in P(EO)14, “Ti” in TiO2,
“Na”, “Fe”, “Ar”). Do NOT extract elements buried inside compound formulas where they are inseparable (e.g., do not
extract “O” from H2O or “Si” from SiO2). Focus on elements that could be independently substituted.
- "numerical_value": Number+unit combinations representing measurable quantities. Include the number AND unit
as a single entity. Examples: “500 °C”, “10 hours”, “5 mg”, “0.1 M”, “20 nm”, “3000 rpm”, “5%”, “2 mL”, “150 W”, “1
atm”.
- "equipment": Laboratory equipment, instruments, and apparatus. Examples: “furnace”, “autoclave”, “centrifuge”,
“SEM”, “XRD”, “TGA”, “ball mill”, “glovebox”, “hot plate”, “magnetic stirrer”, “oven”, “mortar”, “pestle”.
- "action_verb": Synthesis procedure verbs in their exact inflected form as they appear in the text. Examples: “heated”,
“stirring”, “dissolved”, “calcined”, “dried”, “added”, “mixed”, “annealed”, “sintered”, “washed”, “filtered”, “cooled”,
“ground”, “dispersed”.

Rules:
- Extract every distinct entity mentioned in the text
- If the same entity text appears multiple times, include it only ONCE
- For numerical_value: always include both the number and its unit together as one entity
- For action_verb: extract the verb in its exact form (past tense, gerund, etc.)
- For element: only extract when the element symbol is clearly identifiable and could be substituted

Return a JSON object with a single key "entities" containing an array of objects, each with "text" (exact string as it
appears) and "type" fields.

Example output:
{"entities": [{"text": "Ti", "type": "element"},
{"text": "500 °C", "type": "numerical_value"},
{"text": "furnace", "type": "equipment"},
{"text": "heated", "type": "action_verb"}]}

Figure 9: NER prompt for Error Injection. The prompt extracts the four content-bearing entity types that serve as
inputs to the Element, Numerical, Equipment, and Action swap types.

C.2 Per-Model Per-Type Breakdown

Table 10 reports detection and stability rates for
each of the thirteen judge models at full per-type
augmentation, expanding the category averages in
Table 2. On Error Injection, Action yields the low-
est detection rate for 7 of 13 models, confirming
that the pattern identified in §4.2 holds broadly,
though individual models occasionally find other
types more challenging. On Equivalence Rewrit-
ing, Name yields the highest stability rate for 7
of 13 models, while the remaining models favor
Cross-lingual (5) or Formula (1), indicating that
common-name tolerance is the most consistent but
not universal pattern.

D Mitigation Training Details

This appendix provides implementation details for
the contrastive pair construction and DPO training
described in §5.1.

D.1 Judge Panel

The four judge models used for pair construction
are Qwen3-8B, Qwen3-32B (Yang et al., 2025),
Llama-3.1-8B-Instruct (Grattafiori et al., 2024),
and Gemini-2.5-Flash (Comanici et al., 2025).
All four models receive the reference-free judge
prompt (Figure 7) and produce rationale-and-score
responses. Qwen3-8B, Qwen3-32B, and Llama-
3.1-8B-Instruct are served via vLLM (temperature
0.6); Gemini-2.5-Flash is served via API (tempera-
ture 0).

D.2 Augmentation Configurations

Contrastive pairs are drawn from 17 augmenta-
tion settings applied to 2,000 recipes sampled
from the AlchemyBench training set. For Er-
ror Injection, we use five combined-rate settings
(ρ ∈ {0.01, 0.02, 0.05, 0.10, 0.15}), in which enti-
ties are sampled across all four swap types, plus
four type-specific settings that replace all identi-
fied entities of a single type (Element, Numerical,
Equipment, Action). For Equivalence Rewrit-
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Table 9: Per-rate Validity and Stability for 13 baseline judges. Per-rate cells use a pink gradient for Validity and a

blue gradient for Stability; darker shading indicates higher values. AUC columns correspond to the values reported
in Figure 3.

Validity (↑) Stability (↑) Acc. (↑)

Model ρ=.01 ρ=.02 ρ=.05 ρ=.10 ρ=.15 AUC ρ=.01 ρ=.02 ρ=.05 ρ=.10 ρ=.15 AUC AUC

B
as

e

Llama-3.1-8B 0.12 0.15 0.18 0.21 0.28 0.20 0.79 0.77 0.76 0.80 0.74 0.77 0.45
Llama-3.3-70B 0.10 0.10 0.16 0.33 0.43 0.26 0.90 0.90 0.88 0.86 0.86 0.87 0.53
Qwen3-8B 0.14 0.12 0.22 0.36 0.53 0.31 0.84 0.82 0.85 0.70 0.70 0.76 0.51
Qwen3-32B 0.11 0.17 0.28 0.43 0.57 0.36 0.84 0.87 0.81 0.77 0.67 0.78 0.55
GPT-4o 0.14 0.15 0.32 0.57 0.65 0.44 0.91 0.86 0.80 0.71 0.67 0.76 0.59
Claude-Sonnet-4.5 0.18 0.28 0.55 0.68 0.79 0.59 0.73 0.76 0.74 0.68 0.62 0.70 0.64

Average (n=6) 0.13 0.16 0.28 0.43 0.54 0.36 0.83 0.83 0.80 0.75 0.71 0.77 0.55

R
ea

so
ni

ng

Qwen3-8B-Think 0.27 0.31 0.50 0.64 0.72 0.55 0.58 0.57 0.54 0.44 0.49 0.50 0.54
Qwen3-32B-Think 0.33 0.38 0.49 0.69 0.72 0.58 0.66 0.63 0.55 0.46 0.49 0.52 0.56
o4-mini 0.28 0.46 0.67 0.82 0.86 0.71 0.54 0.51 0.47 0.43 0.30 0.43 0.60
GPT-5-mini 0.18 0.27 0.51 0.72 0.88 0.60 0.80 0.77 0.77 0.68 0.61 0.71 0.66
Gemini-3.1-Pro 0.19 0.33 0.66 0.86 0.92 0.71 0.86 0.88 0.78 0.75 0.73 0.78 0.75

Average (n=5) 0.25 0.35 0.57 0.74 0.82 0.63 0.69 0.67 0.62 0.55 0.52 0.59 0.62

Sp
ec

. JudgeLRM-7B 0.26 0.30 0.38 0.53 0.65 0.47 0.54 0.51 0.49 0.34 0.38 0.42 0.45
Prometheus-7B-v2 0.35 0.35 0.34 0.38 0.38 0.36 0.32 0.29 0.34 0.34 0.33 0.33 0.35

Average (n=2) 0.31 0.33 0.36 0.46 0.52 0.42 0.43 0.40 0.42 0.34 0.36 0.38 0.40

ing, we use the same five combined-rate settings
plus three type-specific settings (Formula, Name,
IUPAC). Cross-lingual is excluded from type-
specific pair construction because full-text transla-
tion does not admit partial entity-level control. This
yields 9 Error Injection settings and 8 Equivalence
Rewriting settings for a total of 17.

D.3 Anchor Filtering Criteria
After constructing direction-aware preference pairs
(§5.1), we apply three filters to remove low-quality
pairs.

Score margin. Pairs whose absolute score differ-
ence falls below δmin = 0.5 are discarded, ensuring
that the preferred and dispreferred responses reflect
a meaningful quality gap.

Anchor-relative bounds. Responses that deviate
substantially from the anchor a(x) (Equation 5) are
excluded. The filtering logic is direction-specific.
For Equivalence Rewriting pairs, the preferred re-
sponse must satisfy Ji(x, ŷ) ≥ a(x) − 1.5, en-
suring that the chosen response remains near the
consensus quality estimate and preventing pairs
in which both responses assign anomalously low
scores. For Error Injection pairs, the dispreferred
response must satisfy Jj(x, ỹ) ≥ a(x) − 2.0, en-
suring that the rejected response is not already a
strong error detector and preserving a meaningful
contrast.

Per-sample cap. Up to five pairs are retained
per recipe per augmentation setting to prevent any
single sample from dominating the training distri-
bution.

D.4 DPO Training Hyperparameters
SynthJudge-8B is initialized from Qwen3-
8B (Yang et al., 2025) and trained with Direct
Preference Optimization (Rafailov et al., 2023).
Table 11 lists the hyperparameters.

Computing Infrastructure. All open-weight
models are served on a single NVIDIA A6000
48GB GPU via vLLM. SynthJudge-8B DPO
training takes approximately 10 GPU hours on
8×A100 80GB. API-served models (GPT-4o, GPT-
5-mini, o4-mini, Gemini-3.1-Pro, Claude-Sonnet-
4.5, Gemini-2.5-Flash) are accessed via Open-
Router1 with greedy decoding.

D.5 Knowledge Augmentation Baselines
Table 4 in §5.2 reports three knowledge augmenta-
tion (KA) variants applied to Qwen3-8B at infer-
ence time. This section details their implementa-
tion.

ChemDict. We prepend a chemistry dictionary
to the judge prompt that maps all entities appearing
in the candidate recipe to their canonical repre-
sentations. Entities are identified using both the

1https://openrouter.ai
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Table 10: Per-model detection rate (Error Injection, left) and stability rate (Equivalence Rewriting, right) at full
per-type augmentation. Shading is normalized per row; darker cells indicate higher values within each model.

Error Injection (ỹ) Equivalence Rewriting (ŷ)

Category Model Elem. Num. Equip. Action Form. Name IUPAC Cross.

Base

Llama-3.1-8B .557 .548 .554 .575 .768 .816 .810 .777
Llama-3.3-70B .649 .579 .485 .563 .892 .890 .868 .851
Qwen3-8B .479 .527 .556 .544 .757 .781 .716 .799
Qwen3-32B .527 .509 .592 .485 .787 .775 .740 .793
GPT-4o .580 .621 .556 .574 .834 .845 .750 .935
Claude-Sonnet-4.5 .583 .659 .679 .560 .732 .749 .655 .677

Average .562 .574 .570 .550 .795 .809 .756 .805

Reas.

Qwen3-8B-Think .598 .568 .527 .598 .509 .669 .592 .521
Qwen3-32B-Think .669 .627 .645 .568 .562 .592 .556 .574
o4-mini .604 .728 .663 .550 .426 .515 .462 .550
GPT-5-mini .746 .769 .716 .568 .702 .804 .686 .798
Gemini-3.1-Pro .716 .793 .789 .708 .667 .775 .696 .772

Average .666 .697 .668 .598 .573 .671 .598 .643

Spec. JudgeLRM-7B .331 .331 .355 .308 .420 .515 .408 .521
Prometheus-7B-v2 .259 .360 .290 .309 .259 .288 .280 .222

Average .295 .346 .323 .308 .340 .401 .344 .371

Table 11: DPO training hyperparameters for
SynthJudge-8B.

Hyperparameter Value

Base model Qwen3-8B
DPO β 0.1
Learning rate 1e-6
LR scheduler cosine
Warmup ratio 0.1
Batch size 16
Max sequence length 8,192
Training epochs 1
Optimizer AdamW
Training pairs 92K train / 10K val

Equivalence Rewriting and Error Injection NER
prompts (Appendix B.1), and the dictionary is or-
ganized into four sections. Compound entries map
chemical names to their molecular formulas, IU-
PAC systematic names, and common names using
cached PubChem data (Kim et al., 2023). Element
entries provide periodic-group membership, equip-
ment entries list incompatible alternatives, and ac-
tion entries list antonym verbs. This provides the
judge with explicit equivalence and error-relevant
information for all identified entities.

RAG. We retrieve the five most similar recipes
from the Open Materials Guide (OMG) training
set (16,026 recipes) (Kim et al., 2025) using cosine
similarity over text-embedding-3-large 2 em-
beddings. The query consists of the target material

2https://platform.openai.com/docs/guides/
embeddings

description only. Retrieved recipes are prepended
to the judge prompt as in-context references, pro-
viding domain-specific examples of valid synthesis
procedures without a ground-truth recipe for the
specific target.

CD+RAG. This variant combines both augmen-
tations by prepending the chemistry dictionary fol-
lowed by the retrieved recipes to the judge prompt.

All three variants use the same Qwen3-8B model,
decoding configuration, and scoring rubric as the
unaugmented baseline.

D.6 Case Studies

Figure 10 presents two representative cases illus-
trating how SynthJudge-8B resolves both failure
modes at the individual recipe level. Case A demon-
strates false negative resolution, where baseline
judges penalize notation-level changes as content
deficiencies while SynthJudge-8B correctly pre-
serves its score. Case B demonstrates false pos-
itive resolution, where baseline judges fail to de-
tect scientifically infeasible parameter values while
SynthJudge-8B identifies specific physical and
chemical inconsistencies.

Case A: False negative resolution. Equivalence
Rewriting converts compound names and chemi-
cal identifiers into alternative representations in a
graphene synthesis recipe (e.g., liquid nitrogen →
N2). All four baseline judges penalize the rewriting
as a content deficiency, with score drops ranging
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Case A: False Negative Resolution (Stability) | Graphene | Electronics / Hybrid

Ground truth (s=4.5): “. . . Graphite powder was exposed to microwave irradiation. . . quenched using liquid
nitrogen. . . ultrasonication in IPA for 90 minutes. . . ”

Equivalence Rewriting (ρ=0.10): IPA → C3H8O , liquid nitrogen → N2 , graphene → C

Model Ground Truth Equiv. Rewriting Stable?

SynthJudge-8B 4.5 4.3 ✓ |∆| = 0.2
Gemini-3.1-Pro — 2.5 ✗ |∆| = 2.0
GPT-4o — 3.0 ✗ |∆| = 1.5
Claude-Sonnet — 2.5 ✗ |∆| = 2.0
Qwen3-32B — 3.5 ✗ |∆| = 1.0

SynthJudge-8B: “well-structured. . . suitable materials, equipment, and characterization methods.”
Gemini: “the recipe uses molecular formulas (C3H8O, N2) instead of chemical names. . . hindering readability and
verification.”

Case B: False Positive Resolution (Validity) | Iron Tin (FeSn) | Electronics / MBE

Ground truth (s=3.5): “. . . Degas by heating to 400 ◦C for 60 min. Anneal at ∼1150 ◦C. . . for 60 min. . . substrate
maintained at ∼530 ◦C. . . ”

Error Injection (Numerical): 400 → 600 ◦C , 60 → 600 min , ∼1150 → ∼1725 ◦C , ∼530 → ∼265 ◦C

Model Ground Truth Error Injection Detected?

SynthJudge-8B 3.5 2.2 ✓ ∆ = 1.3
Gemini-3.1-Pro — 3.6 ✗ ∆ = −0.1
GPT-4o — 4.1 ✗ ∆ = −0.6
Claude-Sonnet — 3.5 ✗ ∆ = 0.0
Qwen3-32B — 4.5 ✗ ∆ = −1.0

SynthJudge-8B: “1725◦C exceeds the melting point of SrTiO3. . . 600 minutes is impractically long for degassing. . . 265◦C
is too low for epitaxial growth.”
GPT-4o: “the materials selected are appropriate. . . the equipment listed is suitable. . . the procedure is feasible.”

Figure 10: Two case studies comparing SynthJudge-8B and baseline judges. Case A (Stability): Equivalence
Rewriting converts compound names to molecular formulas. SynthJudge-8B correctly preserves its score (|∆| =
0.2), recognizing notation-level changes, while all four baselines penalize the rewriting as a content deficiency
(false negatives). Case B (Validity): Error Injection introduces scientifically infeasible temperatures and durations.
SynthJudge-8B detects the errors (∆ = 1.3), while all four baselines assign scores equal to or higher than the
ground truth (false positives).

from 1.0 to 2.0. SynthJudge-8B correctly recog-
nizes these as notation-level changes and preserves
its score (|∆| = 0.2).

Case B: False positive resolution. Error Injec-
tion introduces scientifically infeasible numerical
values into an iron tin (FeSn) MBE synthesis recipe,
including a degassing temperature of 600°C (origi-
nally 400°C), a duration of 600 minutes (originally
60), and a substrate temperature halved to 265°C.
All four baseline judges assign scores equal to or
higher than the ground truth, failing to detect any
of the injected errors. SynthJudge-8B detects the
errors (∆ = 1.3), correctly identifying that 1725°C
exceeds the melting point of SrTiO3, that 600 min-

utes is impractically long for degassing, and that
265°C is too low for epitaxial growth.

D.7 Full Human Expert Agreement

Table 12 extends Table 6 by reporting Pearson
r with both a high-confidence expert panel (HC,
n = 3) and the full expert panel (Full, n = 8) for
all fourteen evaluated models on 20 reference-free
evaluations. The high-confidence panel consists
of three senior materials science researchers with
the highest self-reported confidence; the full panel
includes five additional annotators with varying
expertise levels.

Agreement varies substantially across models
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Table 12: Pearson r with expert panels on reference-free
evaluations. HC = high-confidence panel (n=3, expert
mean = 4.21); Full = full panel (n = 8, expert mean
= 3.32). Dependent-correlation tests (Steiger, 1980) on
the HC panel show no significant difference between
SynthJudge-8B and any of the higher-ranked judges
(all p > .25).

Category Model HC r Full r

Base

GPT-4o .416 .374
Qwen3-8B .405 .021
Llama-3.3-70B .356 .408
Claude-Sonnet-4.5 .070 .124
Qwen3-32B .041 .062
Llama-3.1-8B −.107 .046

Reasoning

Qwen3-8B-Think .537 .391
GPT-5-mini .222 .292
Gemini-3.1-Pro .163 .339
Qwen3-32B-Think .149 −.014
o4-mini .117 .098

Specialized JudgeLRM-7B .467 .372
Prometheus-7B-v2 .286 −.041

Ours SynthJudge-8B .412 .216

and panels. With the high-confidence panel,
Qwen3-8B-Think achieves the highest correlation
(r = 0.537), followed by JudgeLRM-7B (r =
0.467) and GPT-4o (r = 0.416). SynthJudge-
8B achieves r = 0.412, comparable to GPT-4o
and the base Qwen3-8B (r = 0.405). Agreement
is consistently lower with the full panel, as the
inclusion of stricter annotators lowers the expert
mean score from 4.21 to 3.32, widening the gap
with judge scores that tend toward the upper end
of the 1–5 scale. Notably, the ranking shifts across
panels for several models. Gemini-3.1-Pro rises
from r = 0.163 (HC) to r = 0.339 (Full), as
its relatively low judge mean (3.38) is better cal-
ibrated with the stricter expert panel, while mod-
els with high score inflation such as Qwen3-8B
(r = 0.405 → 0.021) and Prometheus-7B-v2
(r = 0.286 → −0.041) degrade sharply.
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