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Abstract

Semantic similarity is commonly modeled as a
single scalar score. However, two texts may ap-
pear highly similar while differing critically
along specific semantic aspects such as fac-
tuality, entities, or temporal meaning. This
limitation becomes particularly important in
high-stakes domains and evaluation settings,
where nuanced semantic differences can sub-
stantially affect downstream decisions. Within
a medical use showcase, this work proposes
a multidimensional semantic similarity frame-
work that represents similarity across multiple
meaning-relevant dimensions instead of col-
lapsing it into a single value. We introduce
a lightweight multi-head model that predicts
dimension-specific similarity scores and eval-
uate the approach on a medical question an-
swering use case. Our results show that model-
ing semantic similarity multidimensionally sub-
stantially improves the detection of meaning-
altering variations compared to conventional
similarity metrics and small open-source LLM
judges, while remaining competitive with much
larger LLM-based evaluators at significantly
lower computational cost.

1 Introduction

Semantic similarity metrics are widely used to
evaluate generated text in tasks such as summa-
rization, question answering, dialogue systems,
and retrieval-augmented generation. Existing ap-
proaches typically represent similarity between
two texts as a single scalar score estimating over-
all semantic equivalence. Classical overlap-based
metrics such as BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004), and METEOR (Banerjee and
Lavie, 2005) primarily measure lexical similarity,
while embedding-based and learned metrics such
as BERTScore (Zhang et al., 2020), BLEURT (Sel-
lam et al., 2020), MoverScore (Zhao et al., 2019),
PubMedBERT embeddings (Mezzetti, 2026), and
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Figure 1: Comparison of multidimensional similarity
scoring with conventional scalar similarity metrics for
a factuality-related semantic divergence. Standard met-
rics assign high overall similarity despite contradictory
meaning, whereas MD-BLEURT explicitly captures the
divergence along the factuality dimension.

EmbeddingGemma (Vera et al., 2025) attempt to
capture semantic similarity more directly.

Despite their success, these approaches share a
common assumption: semantic similarity can be
collapsed into a single dimension. However, se-
mantic equivalence can refer to multiple aspects.
Two texts may be highly similar overall while dif-
fering critically in specific semantic aspects such
as factuality, entities, temporal meaning, or re-
lations between concepts. Figure 1 illustrates a
factuality-related semantic divergence, where a
multidimensional similarity representation identi-
fies the specific semantic dimension along which
two sentences differ. Similar effects arise for other
dimensions, such as temporal meaning: for exam-
ple, ‘Patient has cancer’ and ‘Patient had cancer’
remain highly similar lexically, while conveying
substantially different clinical implications.

Recent work has highlighted important failure
modes in evaluation metrics. Semantic metrics of-
ten fail to penalize negation, polarity shifts, and
other meaning-altering variations (He et al., 2023;



Cao, 2025; Ramprasad and Wallace, 2025). Simi-
larly, work on contradiction detection and natural
language inference shows that minimal edits pre-
serving lexical overlap can still completely reverse
meaning (Harabagiu et al., 2006; Nie et al., 2020).
Behavioral testing and perturbation-based evalua-
tion frameworks further demonstrate that models
and metrics may achieve strong aggregate perfor-
mance while systematically failing on targeted se-
mantic phenomena (Ribeiro et al., 2020; Gehrmann
et al., 2021; Deutsch et al., 2021). Together, these
findings suggest that semantic variation is not uni-
form, and that changes in factuality, entities, re-
lations, and temporal reasoning represent distinct
semantic phenomena (Kalouli et al., 2022; Pavlick
and Callison-Burch, 2016).

Recent work has explored the use of large lan-
guage models (LLMs) as judges for text evaluation
(Li et al., 2025; De la Iglesia et al., 2025; Zhang
et al., 2025; Zhou et al., 2025). In parallel, re-
searchers have increasingly recognized that simi-
larity and evaluation should account for multiple
semantic dimensions rather than a single scalar
score. Chen et al. (2022) introduced a multilingual
benchmark annotating news articles along seven
dimensions of similarity, and Hatzel et al. (2023) ar-
gued that semantic similarity should be represented
as interpretable dimensions, training a separate bi-
encoder model per dimension for news retrieval.
For text generation evaluation, Zhong et al. (2022)
proposed UniEval, a unified evaluator scoring co-
herence, consistency, fluency, and relevance, while
(Hashemi et al., 2024) extended this paradigm to
calibrated LLM-based evaluation through LLM-
RUBRIC.

Our work transfers this multidimensional per-
spective to the medical domain, where the rele-
vant dimensions (entities, relations, temporality,
factuality) differ from those used for news simi-
larity and where evaluation errors can have direct
clinical consequences. In contrast to training one
model per dimension (Hatzel et al., 2023), MD-
BLEURT learns all dimensions jointly within a
single lightweight cross-encoder, and in contrast to
LLM-based multidimensional evaluators (Zhong
et al., 2022; Hashemi et al., 2024), it avoids the
high computational cost and inference latency of
LLM judges as well as the limited reproducibil-
ity and privacy concerns of proprietary systems —
key requirements in large-scale, privacy-sensitive
domains such as healthcare.

In this work, we build on this perspective that

Type Examples

Entity disease, medication, dose, route, frequency,
laterality

Relation causal, conjunctive, comparative, event or-
dering

Temporal  past, present, future shifts

Factuality  fact, possible, doubtful, negated

Table 1: Semantic variation dimensions.

semantic similarity should not be represented as a
single scalar quantity but as a multidimensional rep-
resentation over distinct semantic dimensions. As
a lightweight realization of this idea, we introduce
MD-BLEURT!, a multidimensional extension of
BLEURT based on multiple regression heads pre-
dicting dimension-specific similarity scores. We
evaluate our framework on a medical question
answering use case, where subtle semantic dif-
ferences can substantially alter clinical meaning
and potentially lead to harmful downstream conse-
quences (Finlayson et al., 2021; Kim et al., 2025).
Our experiments show that conventional similar-
ity metrics frequently assign high similarity scores
to meaning-altering variations, particularly when
lexical overlap remains high. In contrast, MD-
BLEURT explicitly captures these semantic diver-
gences, substantially outperforming conventional
metrics and smaller open-source LLM judges,
while remaining computationally lightweight.

2 Dataset Construction

To study semantic similarity under controlled mean-
ing variation, we construct two datasets: Med Vari-
ations, a synthetic fine-grained benchmark, and a
modified version of the human-created MedNLP-
CHAT dataset. Both datasets apply semantic mod-
ifications across the dimensions listed in Table 1,
along with additional paraphrases. The datasets
are released in two versions. Version 1 uses min-
imal edits to generate semantic variations, while
Version 2 introduces more extensive paraphrastic
rewrites through LLM prompting. Additional de-
tails and prompting templates are provided in Ap-
pendix A.

2.1 MedVariations

Following template-based and LLM-assisted
dataset construction strategies (Warstadt et al.,
2020; Ribeiro et al., 2020; Long et al., 2024), we
generate Med Variations using a two-stage pipeline:
(i) anchor generation and (ii) controlled variation
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generation: First, we prompt Gemini-2.5-Pro to
produce short clinical statements (2—3 sentences)
containing medical entities, relations, temporal
references, and factual claims (Table 6 in Ap-
pendix A). These anchors resemble simplified clin-
ical narratives while enabling controlled manipu-
lation. Second, each anchor is transformed into
semantically perturbed variants along four dimen-
sions: entity, relation, temporal, and factuality, as
depicted in Figure 1. A validation step ensures that
each transformation isolates a single semantic di-
mension without introducing additional confounds,
as shown in the following example:

Anchor: The patient’s biopsy result was positive for prostate
cancer. His Gleason score is 7.

Entity: The patient’s biopsy result was positive for bladder

cancer. His Gleason score is 7.

Similarity annotation We define absolute sim-
ilarity scores via controlled perturbation strength.
Paraphrases receive a score of 1, while other vari-
ations are penalized as s = 1 — (§ - u), where p
controls penalty strength and J encodes the seman-
tic distance of the variation.

Entity and relation changes are treated as single-
step deviations (x = 0.5, § = 1). Temporal
and factuality changes are ordered (u = 0.33):
temporal shifts range from past—present (6 = 1)
to past—future (6 = 2), while factuality spans
fact—possible/doubtful/negated (6 € {1,2,3}).

This construction yields structured, interpretable
similarity signals aligned with specific meaning-
altering phenomena. Further details in Appendix C.

2.2 MedNLP-CHAT

To evaluate generalization beyond synthetic set-
tings, we use MedNLP-CHAT (Aramaki et al.,
2025), a dataset of human-curated patient medi-
cal questions and corresponding expert answers.
We treat those answers as anchors and generate
corresponding perturbed versions using the same
variation framework as above. This results in a
more naturalistic question-answering setting where
semantic differences arise from realistic clinical
dialogue rather than templated generation. Addi-
tional details and examples are in Appendix A.

3 Multi-Dimensional BLEURT Model

For this work, we extend BLEURT (Sellam et al.,
2020) into a multidimensional similarity model
(MD-BLEURT) by introducing separate regres-
sion heads for each semantic dimension. A shared

encoder produces a sentence-pair representation,
which is passed to four heads corresponding to
entity, relation, temporal, and factuality similarity.
All heads are trained jointly. For a given training in-
stance, only the head corresponding to its variation
type receives the ground-truth score, while other
heads are regularized toward high similarity (score
= 1). This encourages consistent semantic align-
ment while enabling specialization per dimension.
At inference time, MD-BLEURT outputs a vector
of similarity scores, each reflecting a distinct se-
mantic aspect rather than a single aggregated value.

We focus on four semantic dimensions — en-
tity, relation, temporal, and factuality — as they
capture complementary aspects of meaning that
are critical for interpreting clinical text. Entity
and relation similarity preserve the information be-
ing conveyed and the connections between clinical
concepts, while temporal and factuality similarity
capture when events occur and whether they are
asserted, uncertain, or negated. Together, these di-
mensions encompass the most clinically significant
semantic variations while remaining sufficiently
compact to support interpretable evaluation and
efficient model training.

For downstream tasks, the individual dimension
scores provide fine-grained insight into semantic
differences, whereas an aggregated score offers a
single similarity measure for model comparison
and benchmark reporting. Examining the individ-
ual dimensions enables users to identify whether
discrepancies arise from entities, relations, tempo-
ral information, or factuality, making the evaluation
both interpretable and actionable. In practice, a
downstream system can threshold individual heads
to flag clinically critical changes. For instance, re-
jecting candidate answers whose factuality score
falls below a threshold while tolerating minor en-
tity deviations or aggregate the heads into a single
score for ranking and benchmarking, depending on
the application’s risk profile.

4 Experimental Setup

Data splits Med Variations is split into train/de-
v/test sets with non-overlapping anchors to prevent
lexical memorization (Table 4 in Appendix A). The
same process is applied to MedNLP-CHAT for eval-
uation (Table 5 in Appendix A).

Baselines We compare MD-BLEURT against: (i)
surface metrics (BLEU, ROUGE, METEOR), (ii)
semantic metrics (BERTScore, BLEURT), and (iii)



LLM-based evaluators including small open-source
judges and larger proprietary models.

Training We fine-tune BLEURT-Base with four
regression heads using a shared encoder. Models
are selected based on average validation loss across
heads, ensuring balanced performance across se-
mantic dimensions.

Evaluation protocol All metrics are computed
on identical test pairs, and we report average scores
per variation category. Higher scores are desir-
able for paraphrase pairs, while lower scores in-
dicate correct detection of meaning-altering varia-
tions. LLM judges return 1-5 ratings using a shared
rubric prompt (Appendix B), linearly rescaled to
[0, 1] for comparability with the learned metrics.

5 Results and Discussion

Tables 2 and 3 compare conventional similarity met-
rics, LLM judges, and MD-BLEURT across con-
trolled semantic variations. Complete per-model
experimental results for all evaluated datasets
are provided in Appendix E. We focus on cases
where lexical overlap remains high while meaning
changes along a specific semantic dimension.

How to read the tables. Each column reports the
average similarity over all pairs of one variation
category. The four MD-BLEURT rows correspond
to the four output heads of a single jointly trained
model, not to separate models. Desirable behavior
is a high score in the Paraphrase column together
with a low score in the column matching the head’s
dimension (yellow), while unrelated columns re-
main high — indicating that the head detects its

Version 1 Version 2

Metric Paraphrase Entity Relation Temporal Factuality | Paraphrase Entity Relation Temporal Factuality
BLEU 0.79 0.88 0.88 0.87 0.85 0.40 0.30 0.31 0.36 0.37
ROUGE-L 0.89 0.95 0.95 0.94 0.94 0.66 0.60 0.61 0.63 0.65
METEOR 0.92 0.95 0.96 0.96 0.97 0.76 0.69 0.71 0.74 0.76
BERTScore_F1 0.98 0.99 0.99 0.99 0.99 0.95 0.94 0.94 0.94 0.94
BLEURT 0.89 0.85 0.89 0.91 0.84 0.81 0.76 0.78 0.80 0.76
NegBLEURT 0.59 0.45 0.50 0.75 0.40 0.45 0.32 0.35 0.49 0.31
Qwen3.5-4B 1.00 0.54 0.57 0.86 0.49 1.00 0.55 0.71 0.98 0.57
Qwen2.5-72B-Instruct-AWQ 1.00 0.64 0.61 0.79 0.55 0.99 0.66 0.69 091 0.59
Gemini-3.1-flash-lite 1.00 0.52 0.53 0.72 0.55 1.00 0.54 0.64 0.89 0.56
Gemini-3.1-pro 1.00 0.51 0.46 0.74 0.51 1.00 0.51 0.52 0.86 0.50
MD-BLEURT (Entity) 0.97 0.51 0.98 1.01 1.01 0.94 0.52 0.96 0.97 1.03
MD-BLEURT (Relation) 0.98 0.92 0.51 0.91 0.71 0.95 091 0.58 0.96 0.73
MD-BLEURT (Temporal) 0.99 1.02 0.98 0.69 0.99 0.84 0.92 0.88 0.69 0.88
MD-BLEURT (Factuality) 0.99 1.00 0.86 0.95 0.46 1.00 0.99 0.94 1.01 0.57

Table 2: Average similarity scores for the MedVariations dataset (test): The left block (Version 1) compares the
similarity of text spans which have been only changed in one dimension. The right block (Version 2) compares the
similarity according to the dimensions, including an LLM-based paraphrase step. Pink fields highlight models

with a strong similarity drop while comparing semantically equivalent text spans; Yellow fields highlight the
corresponding dimension of MD-BLEURT. The four MD-BLEURT rows correspond to the output heads of a single
model (cf. reading guidance in §5). Higher scores are expected for paraphrase pairs, while lower scores are desirable
for semantic variation categories, as they indicate that the metric correctly recognizes the introduced semantic

differences.

Version 1 Version 2

Metric Paraphrase Entity Relation Temporal Factuality | Paraphrase Entity Relation Temporal Factuality
BLEU 0.92 0.97 0.97 0.97 0.95 0.30 0.28 0.30 0.30 0.30
ROUGE-L 0.95 0.99 0.99 0.99 0.98 0.55 0.54 0.55 0.55 0.55
METEOR 0.96 0.99 0.99 0.99 0.99 0.63 0.61 0.63 0.63 0.63
BERTScore_F1 0.99 1.00 1.00 1.00 0.99 0.93 0.93 0.93 0.93 0.93
BLEURT 0.92 0.90 0.93 0.92 0.89 0.77 0.75 0.76 0.77 0.75
NegBLEURT 0.45 0.47 0.46 0.53 0.39 0.21 0.19 0.20 0.22 0.17
Qwen3.5-4B 1.00 0.59 0.77 0.95 0.58 1.00 0.79 0.94 1.00 0.81
Qwen?2.5-72B-Instruct-AWQ 1.00 0.64 0.78 0.86 0.63 0.99 0.71 0.89 0.98 0.75
Gemini-3.1-flash-lite 1.00 0.57 0.74 0.84 0.57 1.00 0.61 0.86 0.99 0.66
Gemini-3.1-pro 1.00 0.52 0.53 0.77 0.56 1.00 0.54 0.76 0.94 0.62
MD-BLEURT (Entity) 0.99 0.70 0.99 0.99 0.98 0.93 0.68 0.92 0.93 0.94
MD-BLEURT (Relation) 0.94 0.94 0.74 0.92 0.78 0.83 0.84 0.75 0.84 0.73
MD-BLEURT (Temporal) 1.00 0.99 0.95 0.90 0.99 0.83 0.89 0.85 0.81 0.86
MD-BLEURT (Factuality) 0.96 1.00 0.92 0.95 0.70 0.95 0.97 0.96 0.95 0.88

Table 3: Average similarity scores on MedNLP-CHAT, following the same layout as Table 2: the MD-BLEURT
rows are the heads of a single model, and yellow fields mark each head’s matching variation column, where low

scores indicate correct detection.



target variation without globally penalizing similar-
ity.

Across both datasets in Version 1, overlap-based
metrics such as BLEU, ROUGE, and METEOR
struggle to distinguish paraphrases from meaning-
altering variations. In Version 2, these metrics
strongly penalize semantically equivalent para-
phrases due to reduced lexical overlap, while still
assigning relatively high scores to altered vari-
ants. Embedding-based and semantic similarity
metrics including BERTScore and BLEURT im-
prove paraphrase robustness, but still frequently
assign high similarity to semantically contradictory
text pairs, particularly for entity, temporal, and fac-
tuality changes. NegBLEURT is more sensitive to
factuality-related changes, but often lowers similar-
ity scores globally, including for paraphrases.

LLM-based judges demonstrate substantially
stronger sensitivity to semantic changes. In particu-
lar, Gemini-3.1-Pro consistently produces the clear-
est separation between paraphrases and meaning-
altering variations across both datasets, while larger
open-source LLMs show competitive performance.
However, these gains come at substantially higher
inference cost and latency (Table 9 in Appendix D).
Additional performance efficiency analyses using
Pareto frontier curves are provided in Appendix F.

MD-BLEURT exhibits a fundamentally differ-
ent behavior from scalar similarity metrics. In-
stead of collapsing similarity into a single value,
the model decomposes similarity across seman-
tic dimensions. On the synthetic MedVariations
benchmark, each regression head responds primar-
ily to its corresponding variation type: entity modi-
fications mainly reduce the entity score, factuality
changes strongly affect factuality similarity, and
temporal changes selectively lower temporal simi-
larity while leaving unrelated dimensions compara-
tively stable. This demonstrates that MD-BLEURT
has a higher representational capacity in compari-
son to a single similarity score.

On the MedNLP-CHAT benchmark, the separa-
tion between dimensions becomes less pronounced,
reflecting the increased linguistic diversity and
complexity of naturally occurring text. Neverthe-
less, the overall trend remains consistent, suggest-
ing that multidimensional similarity modeling gen-
eralizes beyond templated synthetic examples. The
reduced separation also highlights an important
limitation of the current work: the present model is
trained on relatively controlled semantic transfor-
mations. Future work should therefore extend the

framework using larger and more diverse human-
curated datasets and broader semantic dimensions.

A closer inspection of MD-BLEURT’s residual
errors reveals where the current supervision breaks
down. The relation head is the least dimension-
specific: factuality changes also lower its scores
substantially (0.71-0.78 across datasets and ver-
sions), plausibly because negation and modality
shifts frequently co-occur with altered causal or
contrastive markers in the training data. The tempo-
ral head shows the weakest separation on MedNLP-
CHAT (0.90 and 0.81 in Versions 1 and 2), and its
paraphrase scores drop under the more extensive
rewrites of Version 2 (0.83-0.84), indicating sensi-
tivity to reformulation. Finally, the factuality head
degrades most when moving from synthetic to nat-
uralistic text (0.57 on MedVariations vs. 0.88 on
MedNLP-CHAT, Version 2). This suggests that
factuality cues in expert answers are more diffuse
than the single-sentence flips seen during training.
These patterns indicate that cross-dimension leak-
age under domain shift is the main failure mode to
address in future iterations.

6 Conclusion

This work highlights the limitations of single-score
semantic similarity metrics: collapsing meaning
into one scalar fails to capture clinically impor-
tant differences in factuality, entities, relations, or
temporal information. Existing metrics can as-
sign similarly high scores to texts with substan-
tially different meanings. With MD-BLEURT,
we demonstrate that semantic similarity can in-
stead be modeled in a fine-grained, multidimen-
sional way, where dimension-specific regression
heads enable more targeted and interpretable sim-
ilarity judgments while remaining computation-
ally efficient. Our findings suggest that moving
beyond single-score similarity toward structured,
dimension-aware evaluation is a promising direc-
tion, particularly for high-stakes domains such as
medical text generation.

Limitations

This work provides a proof-of-concept for mul-
tidimensional semantic similarity, but it has sev-
eral limitations. First, our synthetic MedVariations
dataset is constructed using controlled transforma-
tions, which simplifies real-world semantic vari-
ability and may not fully capture the complexity
of naturally occurring clinical text. As a result,



performance on this dataset may overestimate the
separability of semantic dimensions. Second, al-
though we include a more realistic evaluation us-
ing MedNLP-CHAT, the model is not explicitly
trained on such diverse, human-generated data,
which leads to reduced dimensional separation in
that setting. This suggests limited robustness under
domain shift and highlights the need for more di-
verse training data. Third, both datasets perturb ex-
actly one dimension at a time, whereas real-world
generation errors often entangle several dimensions
at once (e.g., a confabulated entity introduced un-
der hedged factuality); whether the heads remain
calibrated under such composed perturbations is
untested. Fourth, the set of semantic dimensions
(entity, relation, temporal, factuality) is not exhaus-
tive. Other clinically relevant aspects of meaning,
such as uncertainty granularity or causal reasoning,
are not explicitly modeled. Finally, while MD-
BLEURT is computationally efficient compared to
LLM-based judges, it still inherits biases from the
underlying BLEURT encoder and depends on the
quality of the synthetic supervision signal.
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A Data Generation: Prompts &
Workflow

Table 6 shows the prompt used to construct the
anchor texts for Med Variations; due to space con-
straints, the remaining prompts are available in the
repository?. The workflow for Version 1 of data
generation is shown in the Figure 2. After com-
pleting Version 1, Version 2 was generated using a
single prompt for all paraphrases and variations.

Tables 4 and 5 summarize the distribution of vari-
ation categories across dataset splits. The Med Vari-
ations dataset was divided into train, development,
and test sets, while MedNLP-CHAT was used ex-
clusively for evaluation. The statistics show a rela-
tively balanced distribution of semantic perturba-
tion types, with Temporal and Factuality variations
constituting the largest portions due to their ordered
divergence structure and multiple shift combina-
tions.

The following example illustrates how con-
trolled semantic variations are generated from an
anchor sentence in the MedNLP-CHAT dataset
across different perturbation categories, including

2https://github.com/akjuneja/SemEvalvar

entity, relation, temporal, and factuality modifica-
tions.

* Anchor Text: Persistent nausea, vomiting,
and diarrhea can lead to complications in kid-
ney transplant recipients. Get help, at the
latest the day after tomorrow, if symptoms
persist.

* Entity Variation: Persistent nausea, vomit-
ing, and diarrhea can lead to complications
in liver transplant recipients. Get help, at the
latest the day after tomorrow, if symptoms
persist.

e Relation Variation: Persistent nausea, vom-
iting, or diarrhea can lead to complications
in kidney transplant recipients. Get help, at
the latest the day after tomorrow, if symptoms
persist.

* Temporal Variations:

— Persistent nausea, vomiting, and diarrhea
could lead to complications in kidney
transplant recipients. Get help, at the lat-
est the day after tomorrow, if symptoms
persist.

— Persistent nausea, vomiting, and diar-
rhea will lead to complications in kidney
transplant recipients. Get help, at the lat-
est the day after tomorrow, if symptoms
persist.

* Factuality Variations:

— Persistent nausea, vomiting, and diarrhea
leads to complications in kidney trans-
plant recipients. Get help, at the latest
the day after tomorrow, if symptoms per-
sist.

— Persistent nausea, vomiting, and diarrhea
is unlikely to lead to complications in
kidney transplant recipients. Get help,
at the latest the day after tomorrow, if
symptoms persist.

— Persistent nausea, vomiting, and diarrhea
does not lead to complications in kidney
transplant recipients. Get help, at the lat-
est the day after tomorrow, if symptoms
persist.
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Split | Anchor Para. Entity Rel. Temp. Fact.

Train | 1200 2400 1149 800 2346 3218
Dev 100 200 97 71 194 300
Test 200 400 186 127 388 597

Table 4: MedVariations dataset statistics.

Split | Anchor Para. Entity Rel. Temp. Fact.
Test| 212 424 196 210 422 633

Table 5: MedNLP-CHAT dataset statistics.

Prompt

Template Paraphrase
2 paraphrases for
Generate anchor - » — eaF::h a':\chor text
texts ... Prompt
Template
Prompt
Template Is variation  Yes
Generate » generation Entity/Relation/
variation for . Temporal/Factuality
possible ?
anchor text ...

Figure 2: Overview of the synthetic data generation pipeline. Prompt templates are first used to generate anchor
texts with an LLM. Each anchor text is then paraphrased to create semantically equivalent variants, while additional
controlled variations are generated along entity, relation, temporal, and factual dimensions.



Your task is to generate short, plausible medical texts. Crucial Rules for each text:

1. Each text must be exactly 2 or 3 sentences long.

2. Each sentence should be simple and direct.

3. Each text must contain at least one “handle” that could be swapped to change the meaning.
4. Each example must be unique in wording and structure.

Part 1: A Rich Palette of Handles

The entire collection of texts you generate must contain a mix of the following "handles".

The examples provided for each category are a guide; you are encouraged to generate other related variations to ensure
maximum diversity. Do NOT try to force all handles into every single example.

Examples:

Dosages (10mg, 2 pills), Frequencies (twice daily), Lab Values (A1C of 7.2%, WBC count of 15), measurements (lesion
is 3cm), Ages (65-year-old male), Body Parts & Location (left arm, right kidney), Medications (Lisinopril, Metformin),
Diagnoses (pneumonia, diabetes), Procedures (MRI, biopsy) Test Results (positive, negative), Patient State (stable,
unstable), Progress (improving, worsening), Findings (normal, abnormal, clear). Specific Times (Monday, yesterday),
Sequence (before, after), Duration (for 5 days, since last week, until Friday), Tense (was, is, will).

Part 2: Seeding for Structural Contradictions

In addition to the simple handles, ensure a good portion of the texts include sentences with clear relational structures.
These "structural primitives" are essential for creating complex contradictions later.

Examples:

Cause-and-Effect: “...dehydration was caused by the flu." or “His knee pain is a result of the arthritis."

Purpose/Reason: “A CT scan was ordered to rule out a fracture." or “He takes Metformin for his diabetes."

Conditional Logic: “If symptoms worsen, the patient should return." or “Continue the medication unless a rash develops."

Output Requirements:

Generate a JSON list containing exactly {num_to_generate} unique examples based on these comprehensive rules.
Your output MUST be a single, valid JSON object which is a list of strings. Do not include explanations or any text outside
the JSON.

Example format: ["text 1 ...", "text 2 ...", ...]

Table 6: Anchor generation prompt.




B LLM-as-a-Judge Evaluation

We used the prompt shown in Table 7 to instruct
both open-source and proprietary LLMs to assign
similarity scores to sentence pairs. Using a shared
prompting framework ensured consistency across
models during evaluation. The prompts incorporate
scoring guidelines derived from the data annotation
schema used for training MD-BLEURT, enabling
fair and standardized comparisons across evalua-
tion models.

You are an impartial evaluation metric for Medical Natural Language Generation.
You will be given two texts: Reference and Candidate.

Your task is to evaluate how well the Candidate aligns with the Reference using the
rubric below.

Return ONLY a single integer score from 1 to 5. Do NOT include any explanation or
additional text.

Evaluation Dimensions
Evaluate based on:
1. Clinical Entities

(PROBLEM, MEDICATION, PROCEDURE, DOSE/VALUE, UNIT,
ROUTE, FREQUENCY, LATERALITY, SITE, STAGE, EXPERI-
ENCER)

2. Relations

(COMPARATOR, CAUSAL, EVENT_ORDER, AND/OR)

3. Temporal Meaning

PAST = already occurred

PRESENT = ongoing/current

FUTURE = not yet occurred

Small Shift = PAST <+ PRESENT, PRESENT <« FUTURE
Large Shift = PAST <+ FUTURE

4. Factuality

NEGATED = explicitly false

« DOUBTFUL = uncertain/unlikely

POSSIBLE = plausible

FACT = asserted true

Factual distance:

Single level: NEGATED <+ DOUBTFUL <+ POSSIBLE <+ FACT
Double level: NEGATED <+ POSSIBLE, DOUBTFUL <+ FACT
Triple level: NEGATED <+ FACT

Scoring Rubric

5 = Perfect match

Meaning identical (true paraphrase: wording may differ, meaning unchanged)
All entities and attributes preserved

- Same clinical relations

- Same temporal meaning

Same factuality

4 = Minor deviation

Single-level factual shift (FACT <+ POSSIBLE, POSSIBLE <+ DOUBTFUL,
DOUBTFUL > NEGATED)

- OR small temporal shift (PAST <> PRESENT, PRESENT <+ FUTURE)

- Entities and relations preserved or nearly identical

w
I

Major contradiction

- Double-level factual shift (NEGATED <+ POSSIBLE, DOUBTFUL <+ FACT)
- OR large temporal shift (PAST <> FUTURE)

- OR incorrect or conflicting clinical entities

OR incorrect relation that changes core meaning

[

= Major deviation

- Triple-level factual shift (FACT <+ NEGATED)

1 = Unrelated or nonsensical

- No meaningful overlap
- OR completely incorrect clinical meaning

Table 7: Prompt template and scoring rubric used for
LLM-as-a-Judge evaluation.



C Similarity Score Assignment

Sentence pairs used for MD-BLEURT training
were annotated using a rule-based similarity scor-
ing framework based on controlled semantic per-
turbations. The scoring scheme assigns penalties
proportional to the degree of meaning divergence
introduced by each variation type.

Entity and Relation perturbations are modeled
as single-step deviations with a higher penalty
strength (u = 0.5), since these modifications often
introduce substantial semantic changes that directly
alter the meaning of a sentence. In contrast, Tem-
poral and Factuality perturbations involve ordered
semantic transitions with varying levels of diver-
gence. To model these gradual shifts, we use a
lower penalty strength (1 = 0.33) together with
variable semantic distances (9).

Table 8 summarizes the shift-divergence assign-
ments used for Temporal and Factuality variations,
covering all valid ordering transitions and their cor-
responding semantic distances.

Shift Divergence (9)
Past — Present (1)
Past — Future (2)
Present — Past (1)

Variation | Anchor
Past
Past

Present

Temporal

Present |Present — Future (1)

Future — Present (1)
Future — Past (2)

Fact — Possible (1)
Fact — Doubtful (2)
Fact — Negated (3)
Possible — Fact (1)
Possible | Possible — Doubtful (1)
Possible |Possible — Negated (2)
Doubtful | Doubtful — Possible (1)
Doubtful | Doubtful — Negated (1)
Doubtful | Doubtful — Fact (2)
Negated | Negated — Doubtful (1)
Negated | Negated — Possible (2)
Negated | Negated — Fact (3)

Future
Future
Fact
Fact
Fact
Possible

Factuality

Table 8: The Temporal (Past, Present, Future) and Fac-
tuality (Fact, Possible, Doubtful, Negated) categories
are ordered, and the scores are expected to shift from
the current score in the ordered way.

Metric ‘ Time (sec)*
Gemma-4-E2B-it 0.24
Qwen3.5-4B 0.37
Llama-3.3-70B-Instruct-AWQ 0.24
Qwen2.5-72B-Instruct-AWQ 0.25
Gemini-3.1-flash-lite 1.41
Gemini-3.1-pro 3.60
MD-BLEURT | 0.01

Table 9: Average inference time per sentence pair (*10
samples).

D Runtime Analysis

We conducted runtime experiments to compare
the inference efficiency of MD-BLEURT against
several high-performing LLMs. All open-source
LLMs were served using the vLLM API on an
NVIDIA H100 GPU. MD-BLEURT was also eval-
uated on the same hardware setup to ensure a fair
comparison. Proprietary Gemini models were ac-
cessed through Vertex Al. Table 9 reports the aver-
age inference time per sentence pair.

E Complete Experimental Results

Tables 10 and 11 report the average test-set per-
formance on the MedVariations dataset for Ver-
sion 1 and Version 2, respectively. The evaluation
includes a diverse set of baseline models spanning
surface-level similarity metrics, sentence embed-
ding approaches, semantic evaluation models, and
both small and large language models.

Similarly, Tables 12 and 13 present the corre-
sponding results on the MedNLP-CHAT test set
for Version 1 and Version 2. These tables provide
a comprehensive comparison across competitive
evaluation models to assess their performance on
medically grounded semantic variations.



Metric Paraphrase Entity Relation Temporal Factuality
BLEU 0.79 0.88 0.88 0.87 0.85
ROUGE-L 0.89 0.95 0.95 0.94 0.94
METEOR 0.92 0.95 0.96 0.96 0.97
MoverScore 0.85 0.89 0.90 0.89 0.87
BERTScore_F1 0.98 0.99 0.99 0.99 0.99
BLEURT 0.89 0.85 0.89 0.91 0.84
NegBLEURT 0.59 0.45 0.50 0.75 0.40
All-MiniLM-L6-v2 0.97 0.92 0.99 0.99 0.98
PubMedBERT-Base-Embeddings 0.99 0.97 0.99 0.99 0.99
Qwen3-Embedding-0.6B 0.98 0.95 0.98 0.99 0.97
EmbeddingGemma-300m 0.95 0.96 0.98 0.97 0.97
Gemma-4-E2B-it 0.97 0.67 0.70 0.78 0.55
Qwen3.5-4B 1.00 0.54 0.57 0.86 0.49
Llama-3.3-70B-Instruct-AWQ 1.00 0.60 0.62 0.81 0.42
Qwen2.5-72B-Instruct-AWQ 1.00 0.64 0.61 0.79 0.55
Gemini-3.1-flash-lite 1.00 0.52 0.53 0.72 0.55
Gemini-3.1-pro 1.00 0.51 0.46 0.74 0.51
MD-BLEURT (Entity) 0.97 0.51 0.98 1.01 1.01
MD-BLEURT (Relation) 0.98 0.92 0.51 091 0.71
MD-BLEURT (Temporal) 0.99 1.02 0.98 0.69 0.99
MD-BLEURT (Factuality) 0.99 1.00 0.86 0.95 0.46

Table 10: Average similarity scores across semantic
variation categories on the MedVariations test set.

Metric Paraphrase Entity Relation Temporal Factuality
BLEU 0.40 0.30 0.31 0.36 0.37
ROUGE-L 0.66 0.60 0.61 0.63 0.65
METEOR 0.76 0.69 0.71 0.74 0.76
MoverScore 0.73 0.70 0.71 0.72 0.72
BERTScore_F1 0.95 0.94 0.94 0.94 0.94
BLEURT 0.81 0.76 0.78 0.80 0.76
NegBLEURT 0.45 0.32 0.35 0.49 0.31
All-MiniLM-L6-v2 0.94 0.87 0.94 0.94 0.94
PubMedBERT-Base-Embeddings 0.96 0.93 0.95 0.96 0.96
Qwen3-Embedding-0.6B 0.96 0.92 0.94 0.96 0.94
EmbeddingGemma-300m 0.89 0.86 0.88 0.88 0.88
Gemma-4-E2B-it 0.95 0.68 0.76 0.89 0.62
Qwen3.5-4B 1.00 0.55 0.71 0.98 0.57
Llama-3.3-70B-Instruct-AWQ 1.00 0.67 0.74 0.97 0.56
Qwen2.5-72B-Instruct-AWQ 0.99 0.66 0.69 0.91 0.59
Gemini-3.1-flash-lite 1.00 0.54 0.64 0.89 0.56
Gemini-3.1-pro 1.00 0.51 0.52 0.86 0.50
MD-BLEURT (Entity) 0.94 0.52 0.96 0.97 1.03
MD-BLEURT (Relation) 0.95 0.91 0.58 0.96 0.73
MD-BLEURT (Temporal) 0.84 0.92 0.88 0.69 0.88
MD-BLEURT (Factuality) 1.00 0.99 0.94 1.01 0.57

Table 11: Average similarity scores on the MedVari-
ations Version 2 test set with additional paraphrastic
rewrites applied to semantic variations.

Metric Paraphrase Entity Relation Temporal Factuality
BLEU 0.92 0.97 0.97 0.97 0.95
ROUGE-L 0.95 0.99 0.99 0.99 0.98
METEOR 0.96 0.99 0.99 0.99 0.99
MoverScore 0.91 0.95 0.96 0.95 0.93
BERTScore_F1 0.99 1.00 1.00 1.00 0.99
BLEURT 0.92 0.90 0.93 0.92 0.89
NegBLEURT 0.45 0.47 0.46 0.53 0.39
All-MiniLM-L6-v2 0.99 0.94 1.00 1.00 0.99
PubMedBERT-Base-Embeddings 0.99 0.97 1.00 1.00 1.00
Qwen3-Embedding-0.6B 0.99 0.95 0.99 0.99 0.99
EmbeddingGemma-300m 0.97 0.98 0.99 0.99 0.98
Gemma-4-E2B-it 0.99 0.67 0.86 0.92 0.67
Qwen3.5-4B 1.00 0.59 0.77 0.95 0.58
Llama-3.3-70B-Instruct-AWQ 1.00 0.63 0.80 0.95 0.55
Qwen2.5-72B-Instruct-AWQ 1.00 0.64 0.78 0.86 0.63
Gemini-3.1-flash-lite 1.00 0.57 0.74 0.84 0.57
Gemini-3.1-pro 1.00 0.52 0.53 0.77 0.56
MD-BLEURT (Entity) 0.99 0.70 0.99 0.99 0.98
MD-BLEURT (Relation) 0.94 0.94 0.74 0.92 0.78
MD-BLEURT (Temporal) 1.00 0.99 0.95 0.90 0.99
MD-BLEURT (Factuality) 0.96 1.00 0.92 0.95 0.70

Table 12: Average similarity scores across semantic
variation categories on the MedNLP-CHAT test set.

Metric Paraphrase Entity Relation Temporal Factuality

BLEU 0.30 0.28 0.30 0.30 0.30
ROUGE-L 0.55 0.54 0.55 0.55 0.55
METEOR 0.63 0.61 0.63 0.63 0.63

MoverScore 0.69 0.69 0.69 0.69 0.69
BERTScore_F1 0.93 0.93 0.93 0.93 0.93
BLEURT 0.77 0.75 0.76 0.77 0.75
NegBLEURT 0.21 0.19 0.20 0.22 0.17
All-MiniLM-L6-v2 0.94 0.89 0.95 0.95 0.94
PubMedBERT-Base-Embeddings 0.96 0.93 0.96 0.96 0.96
Qwen3-Embedding-0.6B 0.93 0.90 0.94 0.94 0.93
EmbeddingGemma-300m 0.88 0.87 0.88 0.88 0.87
Gemma-4-E2B-it 0.99 0.79 0.94 0.98 0.83
Qwen3.5-4B 1.00 0.79 0.94 1.00 0.81
Llama-3.3-70B-Instruct-AWQ 1.00 0.78 0.93 1.00 0.79
Qwen2.5-72B-Instruct-AWQ 0.99 0.71 0.89 0.98 0.75
Gemini-3.1-flash-lite 1.00 0.61 0.86 0.99 0.66
Gemini-3.1-pro 1.00 0.54 0.76 0.94 0.62
MD-BLEURT (Entity) 0.93 0.68 0.92 0.93 0.94
MD-BLEURT (Relation) 0.83 0.84 0.75 0.84 0.73
MD-BLEURT (Temporal) 0.83 0.89 0.85 0.81 0.86
MD-BLEURT (Factuality) 0.95 0.97 0.96 0.95 0.88

Table 13: Average similarity scores on the MedNLP-
CHAT test set (Version 2) with additional paraphrastic
rewrites applied to semantic variations.

F Pareto Frontier Analysis

This section presents Pareto frontier analyses com-
paring average evaluation performance against av-
erage inference time across different metric fami-
lies and model scales. The plots illustrate the trade-
off between evaluation quality and computational
efficiency, highlighting models that achieve strong
semantic evaluation performance while maintain-
ing lower inference costs.

Figure 3 presents the Pareto frontier results for
the MedVariations dataset across both Version 1
and Version 2. The results show that MD-BLEURT
consistently remains on or near the Pareto frontier
across multiple variation categories, demonstrating
strong evaluation performance while maintaining
competitive inference efficiency compared to other
LLM-based evaluation metrics.

A similar trend is observed for the MedNLP-
CHAT dataset, as shown in Figure 4, where
MD-BLEURT achieves favorable performance—
efficiency trade-offs across both dataset versions.
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MedVariation Version 2: Avg Score vs Time by Variation
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Figure 3: Pareto frontier plots for the MedVariations dataset across Version 1 (top) and Version 2 (bottom),
comparing average evaluation performance against average inference time for different evaluation models.
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Figure 4: Pareto frontier plots for the MedNLP-CHAT dataset across Version 1 (top) and Version 2 (bottom),
comparing average evaluation performance against average inference time for different evaluation models.
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