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Abstract

Reliable evaluation is essential for under-
standing large language model (LLM) perfor-
mance, yet today’s go-to metrics, namely token-
overlap scores (e.g., ROUGE) and embedding-
based measures (e.g., BERTScore), often mis-
judge semantic similarity of documents. Our
study shows that both token-overlap metrics
and embedding-based metrics routinely assign
nearly identical scores to texts that directly con-
tradict each other, thereby potentially masking
fundamental errors. We introduce MATCHA,
an automatic metric that jointly rewards se-
mantic agreement with a reference and penal-
izes contradictions. MATCHA employs a dual-
view perspective that measures (i) proximity
to the gold text and (ii) distance from an ad-
versarially generated counterfactual contradic-
tion. In eight public benchmarks, MATCHA
outperforms popular metrics, compared with
human annotations on question-answering, im-
age caption generation, natural language in-
ference, summarization, and semantic textual
similarity tasks. On the TruthfulQA dataset
(i.e., a dataset without a training set, where no
embedding-based metrics could locally train
on), this improvement in terms of matching
texts with a reference reaches 18.38% over
ROUGE-L and 20.82% over BERTScore. Both
quantitative comparison and qualitative human
assessments confirm the efficacy and validity
of MATCHA and uncover fundamental weak-
nesses in pre-existing metrics. Compared with
23 embedding models, including top state-
of-the-art ones, used as a metric similar to
BERTScore, MATCHA remains the most ac-
curate in distinguishing correct from incorrect
statements solely based on a reference. Our
code and metric are publicly available 1.

1 Introduction

In text generation research and applications, eval-
uation constitutes the main bottleneck in assess-

1https://github.com/Siran-Li/MATCHA

ing genuine progress, mainly because consistently
and objectively measuring the quality, relevance,
or correctness of generated outputs remains a
highly challenging task, particularly in knowledge-
intensive and multimodal settings (Mehri and Es-
kenazi, 2020; Pang et al., 2020; Rei et al., 2020;
Li et al., 2025). Various applications of text gen-
eration attract thousands of publications each year
at prestigious conferences such as ACL, EMNLP,
NeurIPS, and others. Despite rigorous peer re-
view processes, reliably evaluating the validity of
the evaluation sections in these research papers
remains a challenge for both reviewers and post-
acceptance readers (Sai et al., 2022). Although
substantial effort is directed toward ensuring the
robustness of evaluation methodologies, an essen-
tial, yet overlooked, concern is whether popular
evaluation metrics themselves are adequate (Reiter,
2018), or whether shifts in the field have rendered
historically significant metrics increasingly inade-
quate (Dai et al., 2024).

Evaluation metrics for text generation applica-
tions typically fall into two main categories: (1)
Lexical overlap matching methods, which eval-
uate the quality of generated texts by counting
overlapping textual units, such as n-grams, word
sequences, or word pairs, between the generated
candidate outputs and human-annotated references.
Notable examples of this category include widely-
used metrics such as ROUGE-N, ROUGE-L (Lin,
2004), and Meteor (Banerjee and Lavie, 2005). (2)
Model-based evaluation methods, which measure
semantic similarity by mapping texts onto continu-
ous embedding spaces. Prominent metrics in this
category include BERTScore (Zhang et al., 2020),
BLEURT (Sellam et al., 2020), SimCSE (Gao et al.,
2021), and MAUVE (Pillutla et al., 2021). Al-
though metrics such as ROUGE, originating in
the early 2000s, initially served evaluations in ex-
tractive summarization (i.e., extracting exact sen-
tences from a document that together form a sum-

21001

https://github.com/Siran-Li/MATCHA


Example Metric Correct Incorrect

Reference: Growth is not af-
fected by caffeine consump-
tion.

RL-F1 28.57 15.38

METEOR 36.51 7.25

EmbSim 81.00 77.19

Correct: Drinking coffee
does not affect your growth.

BERTScore 82.00 77.20

BLEURT -34.88 -44.74

Incorrect: Drinking coffee
will stunt your growth.

SimCSE 88.88 75.21

Human Rating A (best) E (worst)

Table 1: Comparison of evaluation metrics and human
judgment for correct vs. incorrect pairs. RL-F1 denotes
ROUGE-L F1. Human Rating refers to judgments from
three annotators on a five-point A–E scale.

Metric
MultiNLI TruthfulQA

(Corr, Incorr) N∆ (Corr, Incorr) N∆

RL-F1 (38.07, 30.38) 7.69 (40.72, 35.78) 4.94

METEOR (35.03, 26.03) 9.00 (42.08, 33.60) 8.48

EmbSim (71.59, 56.79) 7.40 (70.77, 63.11) 3.83

BERTScore (84.06, 80.62) 3.44 (83.80, 81.29) 2.51

BLEURT (-39.16, -75.55) 18.20 (-29.73, -63.46) 16.87

SimCSE (76.29, 49.55) 13.37 (68.98, 55.77) 6.61

MAUVE (56.01, 49.20) 6.81 (96.81, 86.60) 10.21

Table 2: Average similarity scores for correct and in-
correct pairs on two datasets. N∆ denotes the cor-
rect–incorrect gap after rescaling to [0, 1].

mary) when text generation capabilities were lim-
ited within the NLP literature, they have persisted
and adapted to contemporary systems (Karpinska
et al., 2022). Conversely, newer metrics such as
BERTScore (Zhang et al., 2020) have emerged
alongside the rise of Transformer-based models,
rapidly gaining traction and becoming virtual stan-
dards for assessing text generation across various
NLP tasks. However, in recent years, new datasets
with contrastive samples have opened new path-
ways both for building new robust evaluation met-
rics, as well as assessing existing text generation
evaluation metrics that compare a model-generated
response against a human-written one (Guan et al.,
2021). For example, we will show that an evalua-
tion metric such as BERTScore assigns very high
similarity scores not only to two contradictory doc-
uments but also to two documents that are seman-
tically unrelated2. Table 1 shows the scores as-
signed by various popular text generation metrics to
two contradicting sentences, one being correct and
the other incorrect. We observe that model-based
metrics such as BERTScore, Embedding Cosine
Similarity (EmbSim) computed using Sentence-
Transformer (Reimers and Gurevych, 2019), and
SimCSE assign very similar scores to both correct
and incorrect sentences, and as a standalone met-
ric, they are not sufficiently discriminative and are
also hardly human-interpretable. This trend con-
tinues and worsens as we generalize to large test
datasets such as MultiNLI (Williams et al., 2018)
and TruthfulQA (Lin et al., 2022), as demonstrated
in Table 2. It is noteworthy that a distribution-based
metric such as MAUVE cannot reliably evaluate

2For the semantically unrelated experiment, please see
results on COCO-Caption in Table 3

single examples, as the authors explained3 and in-
stead requires larger sample sizes such as entire test
sets to evaluate, which further adds to its limitation
of not being able to score-wise distinguish between
correct and incorrect, as demonstrated in Table 1.

Metrics such as BERTScore and MAUVE do
not explicitly guard against Type I errors, i.e., false
positives where two texts are judged similar even
though they diverge significantly. Because these
scores rely on dense embedding-space distances
(where most well-formed sentences cluster fairly
closely together) (Gao et al., 2019), they routinely
assign high similarity to almost any pair of coherent
documents. This tendency masks important seman-
tic mismatches, so relying on these metrics alone
can yield an overly optimistic view of a system’s
faithfulness or factual accuracy.

In this paper, we study existing text generation
evaluation metrics in terms of reliability and ro-
bustness and demonstrate their inherent limitations.
Subsequently, we introduce a new evaluation met-
ric, MATCHA (Matching Text via Contrastive Se-
mantic Alignment), which does not suffer from
these shortcomings.

Our key contributions are: (1) We present an
extensive analysis of existing text generation evalu-
ation metrics and compare them robustly. (2) We
present MATCHA, a new text semantic matching
metric which is the closest to human judgments
as compared with pre-existing metrics. MATCHA
consistently achieves the best separation of contra-
dictory statements across diverse NLP evaluation
datasets; MATCHA learns a dual-perspective of
matching similar documents while detecting dis-
similar/contradictory documents, providing sharper
semantic boundaries; MATCHA offers fine-grained

3https://krishnap25.github.io/mauve

21002



interpretability by highlighting meaningful token-
level semantic differences; and MATCHA shows
stronger correlation with human similarity ratings,
as well as, GPT-4 compared with previous metrics,
confirming its reliability for detailed semantic eval-
uation. (3) We compare MATCHA with 23 top
embedding models and show that it outperforms
all of these models in distinguishing correct and
incorrect statements using a reference.

2 Related Work: Evaluation Metrics for
Natural Language Generation

Automatic evaluation metrics are essential for as-
sessing natural language generation (NLG) qual-
ity. Traditional approaches range from n-gram-
based methods like BLEU (Papineni et al., 2002)
and ROUGE (Lin, 2004) to neural models such as
BERTScore (Zhang et al., 2020) and BLEURT (Sel-
lam et al., 2020). While these metrics offer valuable
approximations, they often fall short in capturing
semantic nuances, contextual relevance, and factual
correctness. This section reviews key evaluation
paradigms, highlights their shortcomings, and out-
lines the motivation for new alternatives.

Lexical overlap metrics provide a fast base-
line but lack semantic awareness. BLEU and
ROUGE compare n-gram overlap between gener-
ated and reference texts. Although efficient and
widely adopted, they poorly reflect human prefer-
ences in tasks involving paraphrasing (Bahrainian
et al., 2024) or abstraction (Liu et al., 2023; Phy
et al., 2020). METEOR (Banerjee and Lavie, 2005)
improves this by incorporating synonymy and stem-
ming, but its reliance on static lexical resources lim-
its scalability across domains (Dziri et al., 2019).

Semantic similarity metrics improve align-
ment with human judgments but struggle with
nuance and reliability. Embedding-based meth-
ods leverage semantic similarity through pretrained
models. EmbSim (Reimers and Gurevych, 2019),
BERTScore (Zhang et al., 2020), BLEURT (Sel-
lam et al., 2020), and SimCSE (Gao et al., 2021)
achieve stronger alignment with human judgments.
MAUVE (Pillutla et al., 2021) further assesses di-
vergence between machine and human text distri-
butions. However, these methods are often insen-
sitive to factual errors, truncations, or adversarial
inputs (He et al., 2023; Deutsch et al., 2022; Goyal
and Durrett, 2020). MAUVE also struggles with
fine-grained evaluation, requiring large text sam-
ples (Pimentel et al., 2023). Thus, we need task-

aware, robustness-oriented evaluators that penalize
factual errors and adversarial perturbations.

Current evaluation metrics lack semantic pre-
cision, interpretability, and robustness. Despite
steady progress, current evaluation metrics for
NLG often fall short in capturing critical aspects
such as semantic contradiction, factual inaccuracy,
and over-reliance on fluency, where outputs appear
fluent and well-structured despite containing incor-
rect or unsupported information (Howcroft et al.,
2020; Schmidtova et al., 2024; Golovanevsky et al.,
2025). Studies have shown that many metrics re-
ward surface-level similarity while failing to penal-
ize outputs that are semantically incorrect or incon-
sistent with a reference (He et al., 2023; Gehrmann
et al., 2021; Fabbri et al., 2021). This is particu-
larly problematic in settings where detecting subtle
false positives or contradictory statements is essen-
tial. Moreover, model-based and embedding-based
methods frequently offer limited interpretability,
making it difficult to diagnose errors or understand
model decisions (Jiang et al., 2024). As shown in
Table 2, these issues persist across domains and
tasks, calling for metrics that are both semantically
precise and diagnostically useful. To address these
challenges, we introduce MATCHA, a semantic
matching metric that combines contrastive learn-
ing with token-level alignment to deliver accurate,
interpretable, and robust NLG evaluation.

3 MATCHA

MATCHA is a contrastive matching metric that
compares two documents by encoding them into
contextualized representations, projecting them
onto a contrastive-learned matching space, and
computing their similarity. Inspired by the con-
trastive learning paradigm (Chen et al., 2020; Liu
et al., 2022; Mi et al., 2022), MATCHA encourages
semantically similar inputs to have closer represen-
tations, while pushing dissimilar inputs apart. The
overall architecture of MATCHA is illustrated in
Figure 1. Our novel method consists of three main
processing stages: Token Embedding, Representa-
tion Alignment, and Similarity Computation, offer-
ing both document-level matching and fine-grained
token attribution.

3.1 Token Embedding

Given an input document of tokens x =
(x1, x2, . . . , xL), we initialize the embedding layer
using the pre-trained GPT-2 word embedding
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Figure 1: Overview of the MATCHA architecture. Each input Correct Candidate (C), Reference (R), and Incorrect
Candidate (I) is first encoded into embeddings E via an embedding layer initialized from the GPT-2 decoder. A
lightweight feed-forward projector with a conversion matrix W maps E into a shared semantic space, yielding
context representations h, which are compared via cosine similarity.

layer (Radford et al., 2019). Each token xi is
mapped to a D-dimensional vector:

E = EmbeddingLayer(x) ∈ RL×D (1)

where L is the sequence length and D is the hid-
den dimensionality. Only the embedding layer is
transferred from the GPT-2 decoder; all subsequent
layers are trained from scratch.

3.2 Representation Projection

To adapt the embeddings to our task-specific repre-
sentation space, we project each token embedding
into Nc context vectors via a lightweight feedfor-
ward projection:

S = FeedForward(E) ∈ RNc×L×D (2)

Next, the context vectors are projected into a
common representation space using a learned linear
conversion matrix, W ∈ RD×D, defined as:

S′ = S×W (3)

where the multiplication is applied across the last
dimension.

Finally, a document-level representation is ob-
tained by mean pooling across both token and con-
text dimensions:

h =
1

NcL

Nc∑

i=1

L∑

j=1

S′
i,j (4)

This yields a fixed-size representation h ∈ R1×D

for each input document.

3.3 Similarity Computation, Training, and
Inference

We describe how MATCHA computes similarity,
learns contrastive data, and scores candidates.

Similarity Score. Given two documents with
embeddings h1 and h2, their semantic similarity is
measured using cosine similarity:

sim(h1,h2) =
h1 · h2

∥h1∥∥h2∥
(5)

where · denotes the dot product and ∥ · ∥ is the
Euclidean norm.

Training Objective. MATCHA is trained to
maximize the distance between correct and incor-
rect candidates in the embedding space. Given a
reference embedding hR, a positive candidate hC ,
and a negative candidate hI , their cosine similari-
ties are:

simC = sim(hR,hC), simI = sim(hR,hI)
(6)

A margin-based contrastive loss enforces simC

to be higher than simI :

L = E [max(0,m+ simI − simC)] (7)

where m is a fixed margin hyperparameter (default
m = 1). This encourages the model to pull refer-
ence–positive pairs closer together while pushing
reference–negative pairs farther apart.

Inference. At inference time, all model param-
eters are fixed. For a reference R and a candidate
T , MATCHA encodes both into document embed-
dings and computes their similarity score:

Score(R,T) = sim(hR,hT) (8)

4 Evaluation

In this section, we evaluate MATCHA across a
broad range of tasks and demonstrate that it con-
sistently outperforms existing metrics. Additional
details on training, preprocessing, implementation
details, and additional ablation analysis on data
composition and optimization strategy are provided
in Appendices A.1, A.2, A.3, and D.
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Metric
SNLI MultiNLI TruthfulQA Climate-Fever COCO-Caption NEWTS

(Corr, Incorr) N∆ (Corr, Incorr) N∆ (Corr, Incorr) N∆ (Corr, Incorr) N∆ (Corr, Incorr) N∆ (Corr, Incorr) N∆

R1-F1 (41.34, 28.58) 12.76 (45.32, 34.67) 10.65 (45.12, 38.87) 6.25 (26.78, 23.05) 3.73 (27.10, 12.49) 14.61 (19.18, 8.70) 10.48

R2-F1 (19.07, 10.26) 8.81 (22.74, 14.96) 7.78 (24.40, 21.53) 2.87 (7.55, 5.67) 1.88 (12.13, 1.60) 10.53 (2.91, 0.39) 2.52

RL-F1 (38.24, 26.44) 11.80 (38.07, 30.38) 7.69 (40.72, 35.78) 4.94 (19.62, 18.12) 1.50 (23.27, 11.32) 11.95 (12.74, 6.80) 5.94

METEOR (30.08, 20.78) 9.30 (35.03, 26.03) 9.00 (42.08, 33.60) 8.48 (19.01, 15.33) 3.68 (13.19, 5.51) 7.68 (10.41, 3.74) 6.67

EmbSim (65.70, 33.36) 16.17 (71.59, 56.79) 7.40 (70.77, 63.11) 3.83 (60.56, 55.74) 2.41 (64.33, 9.25) 27.54 (30.89, 5.69) 12.61

BERTScore (83.05, 79.34) 3.71 (84.06, 80.62) 3.44 (83.80, 81.29) 2.51 (78.91, 77.74) 1.17 (83.01, 73.30) 9.71 (73.44, 66.14) 7.30

BLEURT (-64.06, -99.63) 17.79 (-39.16, -75.55) 18.20 (-29.73, -63.46) 16.87 (-41.65, -53.76) 6.06 (-76.28, -124.05) 23.89 (-108.56, -135.69) 13.57

SimCSE (69.47, 33.43) 18.03 (76.29, 49.55) 13.37 (68.98, 55.77) 6.61 (65.63, 51.82) 6.91 (70.95, 10.20) 30.38 (39.45, 11.53) 13.96
MAUVE (41.50, 47.67) -6.17 (56.01, 49.20) 6.81 (96.81, 86.60) 10.21 (70.95, 51.99) 18.96 (6.87, 6.16) 0.71 (1.64, 0.75) 0.89

MATCHA (71.14, 1.24) 34.95 (64.77, -9.76) 37.27 (62.50, 15.85) 23.33 (52.92, 12.57) 20.18 (81.11, 9.59) 35.75 (44.64, 16.53) 14.06

Table 3: Average similarity scores for correct and incorrect pairs across six benchmarks. N∆ denotes the normalized
correct-incorrect gap, with EmbSim, BLEURT, SimCSE, and MATCHA rescaled to [0, 1] via (score + 1)/2. Bold
indicates statistical significance over the next highest score, based on a paired t-test with a confidence of 95%.

Figure 2: Comparison of different metrics’ performance on six datasets. The y-axis shows the percentage of samples
satisfying (SimC − SimI) > Threshold, with the middle point as the decision boundary. Metric scores are linearly
transformed to [0, 1].

Metric SNLI MultiNLI TruthfulQA Climate COCO NEWTS

R1-F1 57.69 58.15 55.04 37.11 33.67 33.71

R2-F1 42.35 43.15 44.29 34.07 33.33 33.33

RL-F1 54.67 50.90 51.53 34.48 33.33 33.52

METEOR 46.68 50.51 55.20 36.93 33.33 33.43

EmbSim 37.96 33.33 33.95 33.33 52.79 60.89
BERTScore 33.33 33.33 33.33 33.33 33.33 33.33

BLEURT 44.72 54.71 56.03 40.23 33.67 33.33

SimCSE 39.20 33.71 34.65 33.33 55.04 49.76

MATCHA 72.59 74.51 61.08 64.08 68.41 57.99

Table 4: Macro-F1 classification performance under a
fixed midpoint threshold across six benchmarks.

4.1 Experimental Setup

Baselines and Datasets. We compare MATCHA
against nine widely used metrics: ROUGE-1 (R1-
F1), ROUGE-2 (R2-F1), ROUGE-L (RL-F1), ME-
TEOR, EmbSim, BERTScore, BLEURT, Sim-
CSE, and MAUVE. To demonstrate the broad
applicability of MATCHA, we evaluate it on
eight datasets, including SNLI (Bowman et al.,
2015), MultiNLI (Williams et al., 2018), Truth-
fulQA (Lin et al., 2022), Climate-Fever (Diggel-
mann et al., 2020), COCO-Caption (Lin et al.,
2015), NEWTS (Bahrainian et al., 2022),
MedNLI (Romanov and Shivade, 2018) and STS-B

(English) dataset (Cer et al., 2017), spanning natu-
ral language inference (NLI), question-answering,
factuality verification, image captioning, summa-
rization, and semantic textual similarity (STS).

Evaluation Methods. To assess the discrimi-
native power of different metrics, we measure the
average correct scores SimC and incorrect scores
SimI and their gaps N∆, defined as the average
of (SimC −SimI) rescaled to [0, 1], the percentage
of cases where (SimC − SimI) > Threshold, and
the Wasserstein distance (Villani, 2009). Further,
we evaluate alignment with human judgment us-
ing Rank@1 (R@1), defined as the percentage of
cases where a metric’s score is closest to the hu-
man score, average Discounted Cumulative Gain
(DCG) (Järvelin and Kekäläinen, 2002), and con-
cordance correlation coefficient (CCC) (Lawrence
and Lin, 1989). Unlike Pearson or Spearman, CCC
captures not only rank correlation but also calibra-
tion, ensuring that metric scores align with human
ratings in both ordering and scale. We also ana-
lyze token-level interpretability using Integrated
Gradients (Sundararajan et al., 2017) to compute
token-level attributions in Appendix C.
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4.2 Experimental Results
To assess MATCHA’s performance, we conduct
four sets of experiments: (i) we compare it with
existing metrics on contrastive datasets to distin-
guish texts with contrastive/irrelevant meanings
(Section 4.2.1); (ii) we evaluate MATCHA against
23 state-of-the-art embedding models, examining
their semantic separation ability (Section 4.2.2);
(iii) we evaluate out-of-domain generalization (Sec-
tion 4.2.3); and (iv) via human evaluation (Sec-
tion 4.2.4), we show that MATCHA aligns with
human judgments more than the baselines.

4.2.1 Metric Semantic Differentiation Power
We test the semantic differentiation power of
MATCHA and baseline metrics on the following
three aspects: (1) average similarity gap and macro-
F1 classification performance (Table 3 and Table 4),
(2) proportion of samples with clear separation
(Figure 2), and (3) Wasserstein distribution dis-
tance performance (Table 5).

Average similarity gap. We measure the nor-
malized similarity gap, which reflects how well
a metric separates correct from incorrect samples
generally (Table 3). MATCHA achieves the high-
est gap on six datasets, substantially outperform-
ing baseline metrics, with a gap of 34.95 on SNLI
and 37.27 on MultiNLI, significantly ahead of the
next best, SimCSE and BLEURT (18.03 and 18.20,
respectively). On TruthfulQA, MATCHA outper-
forms BLEURT by +6.46%. It further outperforms
MAUVE by +1.22% on Climate-Fever, +5.37% on
COCO-Caption, and +0.10% on NEWTS. These
results demonstrate MATCHA’s strong and consis-
tent semantic differentiation ability, even on chal-
lenging out-of-domain tasks.

We additionally evaluate binary discrimination
performance using macro-F1 under a fixed mid-
point threshold (Table 4). MATCHA delivers
the strongest overall classification performance,
achieving the highest macro-F1 on five of the six
benchmarks. Compared with the best baseline on
each dataset, MATCHA improves performance by
+14.90 on SNLI, +16.36 on MultiNLI, +5.05 on
TruthfulQA, +23.85 on Climate-Fever, and +13.37
on COCO-Caption. On NEWTS, MATCHA re-
mains highly competitive at 57.99. These findings
show that MATCHA’s larger semantic score mar-
gins translate into substantially more reliable de-
cision boundaries for distinguishing correct from
incorrect text pairs, while preserving robustness
under challenging unseen-domain transfer settings.

Metric SNLI MultiNLI TruthfulQA Climate COCO NEWTS

R1-F1 12.77 10.65 6.26 3.87 14.61 10.48

R2-F1 8.81 7.77 2.98 1.88 10.53 2.52

RL-F1 11.80 7.69 4.95 1.66 11.95 5.94

METEOR 9.30 8.99 8.48 3.68 7.68 6.67

EmbSim 16.17 7.40 3.85 2.42 27.54 12.60

BERTScore 3.72 3.43 2.51 1.17 9.71 7.30

BLEURT 17.79 18.20 16.91 6.06 23.89 13.56

SimCSE 18.02 13.37 6.61 6.91 30.38 13.96

MATCHA 34.95 37.27 23.33 20.17 35.76 14.05

Table 5: Wasserstein distribution distance between cor-
rect and incorrect scores. Climate and COCO denote
Climate-Fever and COCO-Caption, respectively.

Margin between correct and incorrect scores.
As shown in Figure 2, MATCHA consistently
achieves larger margins across thresholds. In con-
trast, ROUGE, METEOR, and BERTScore drop off
quickly, showing limited separation. EmbSim and
SimCSE perform better than n-gram metrics but
still lag behind MATCHA, especially on MultiNLI
and TruthfulQA, where samples often share the
same topic with high wording overlap, making
contrastive distinctions more difficult than in other
datasets.

Wasserstein distribution distance perfor-
mance. We evaluate separation between correct
and incorrect scores using Wasserstein distribution
distance, a non-parametric metric that captures how
far apart two distributions are without assuming any
specific shape. As shown in Table 5, MATCHA
consistently records the highest distances, with
especially large margins on SNLI (34.95) and
MultiNLI (37.27), nearly doubling the strongest
baselines. It also surpasses the strongest baselines
by +6.42% on TruthfulQA, +13.26% on Climate-
Fever, and +5.38% on COCO-Caption, while main-
taining competitive performance on NEWTS, con-
firming its ability to avoid score clustering and
provide more reliable separation between correct
and incorrect samples.

Traditional metrics such as ROUGE, METEOR,
and BERTScore consistently show low similarity
gaps, weak separation margins, and poor macro-F1
discrimination performance. BLEURT assigns neg-
ative scores on average to both correct and incor-
rect cases, although it remains competitive on some
datasets. EmbSim and SimCSE perform better than
the previous metrics but still fall behind MATCHA,
particularly in classification robustness and cross-
domain generalization. MAUVE, which measures
distributional similarity rather than direct semantic
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alignment, also fails to provide meaningful sepa-
ration in SNLI and COCO-Caption. In contrast,
MATCHA consistently delivers larger distinction
gaps, stronger separation margins, higher Wasser-
stein distribution distances, and the best macro-F1
scores across datasets, establishing itself as a more
reliable measure of semantic distinction.

4.2.2 Embedding-Based Semantic Separation
We evaluate MATCHA in the embedding space by
comparing it with 23 embedding models, testing
their ability to distinguish between correct and in-
correct pairs using cosine similarity. The evaluated
models form one of the most comprehensive com-
parisons to date, including top STS performers
from the MTEB benchmark (Muennighoff et al.,
2023)4, as well as baseline transformers and tradi-
tional word embeddings.

We include the following models: Bilingual-
Embedding-Large (Lajavaness, 2023), Jina-
Embeddings-V3 (Sturua et al., 2024), SFR-
Embedding-Mistral (Salesforce, 2023), Speed-
Embedding-7B-Instruct (Haon-Chen, 2023),
Multilingual-E5-Large-Instruct (Wang et al.,
2024a), Linq-Embed-Mistral (Linq AI Research,
2023), Jasper and Stella (Zhang et al., 2025),
GTE-Large (The NLP Group, 2023), and the
instruction-tuned LLM E5-Mistral-7B-Instruct (Int-
float, 2023). Additionally, we evaluate widely
used pre-trained sentence encoders such as
MiniLM (Wang et al., 2021), MPNet (Song et al.,
2020), Sentence-T5 (Ni et al., 2022), E5-Large-
v2 (Wang et al., 2024b), BGE-Large (BAAI, 2023),
and BERT (base) (Devlin et al., 2019), along with
DistilBERT-NLI (Sanh et al., 2020) included as a
relevant semantic baseline, due to its fine-tuning
on NLI datasets. We also examine embeddings
derived from LLMs such as LLaMA-2 (Touvron
et al., 2023), LLaMA-3.1-8B (Meta AI, 2024),
and Mistral-7B (Jiang et al., 2023). Lastly, our
study includes SNPMI (Bahrainian et al., 2021),
a co-occurrence-based embedding constructed
from normalized pointwise mutual information
(NPMI), alongside traditional word embedding
baselines such as GloVe (Pennington et al., 2014)
and Word2Vec (Mikolov et al., 2013).

Average similarity gap among 23 LM em-
beddings. Across SNLI, MultiNLI, and Truth-
fulQA, MATCHA produces the largest contrast
between correct and incorrect scores (Figure 3).

4https://huggingface.co/spaces/mteb/
leaderboard, see the English leaderboard

Metric (Corr, Incorr) N∆ macro-F1 Wasserstein

R1-F1 (14.22, 11.65) 2.57 37.45 2.58
R2-F1 (4.66, 3.12) 1.54 34.14 1.54
RL-F1 (13.31, 11.08) 2.23 36.56 2.25
METEOR (8.36, 6.62) 1.74 35.14 1.75
EmbSim (46.14, 40.47) 2.84 33.43 2.85
BERTScore (74.96, 74.17) 0.79 33.33 1.00
BLEURT (-122.43, -132.13) 4.85 34.94 4.85
SimCSE (50.43, 37.00) 6.72 35.35 6.72
MAUVE (1.29, 1.40) -0.11 – –
MATCHA (50.79, 14.24) 18.28 59.49 18.27

Table 6: Performance on MedNLI, reporting average
similarity scores for correct and incorrect pairs, N∆,
macro-F1, and Wasserstein distance.

While most embeddings assign uniformly high sim-
ilarities, yielding small gaps, MATCHA clearly
separates the two and is the only model to give
negative average similarity to incorrect samples
(–9.76 on MultiNLI) while preserving high sim-
ilarity for correct ones. This strong calibration
enables MATCHA to overcome the common “over-
similarity” problem in large pretrained embed-
dings (Ethayarajh, 2019), making it a more human-
aligned and trustworthy metric than baselines.

Based on Figures 3 and the semantic separa-
tion curves in Appendix B, MATCHA achieves
uniquely large similarity gaps and robust mar-
gins, addressing the shortcomings of both general-
purpose embeddings and fine-tuned STS/NLI mod-
els. Due to space constraints, we present results on
NLI datasets and TruthfulQA, with other datasets
showing similar patterns (Figure 5). These findings
demonstrate that MATCHA establishes sharper se-
mantic boundaries and delivers more reliable dis-
criminative performance across diverse tasks.

4.2.3 Out-of-Domain Generalization
To evaluate MATCHA’s robustness under domain
shift, we further test it on MedNLI (Romanov and
Shivade, 2018), a clinical-domain natural language
inference benchmark derived from real medical
notes. MedNLI contains specialized medical ter-
minology and domain-specific reasoning patterns
that differ substantially from the general-domain
datasets used during training, making it a strong
out-of-distribution evaluation setting.

As shown in Table 6, MATCHA consistently
outperforms all baselines across average score sep-
aration (N∆), macro-F1, and Wasserstein distance.
In particular, MATCHA achieves the highest nor-
malized separation gap (18.28), improving over
the strongest baseline SimCSE by +11.56%. The
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Figure 3: Average similarity scores and gaps between correct and incorrect pairs across embedding models on SNLI,
MultiNLI, and TruthfulQA.

R1-F1 R2-F1 RL-F1 MTR EmbSim BSc BLT SimCSE MATCHA

50.73 35.78 50.56 50.95 34.37 9.16 59.76 31.81 61.08

Table 7: Concordance correlation coefficient for met-
rics on STS-B. MTR, BSc, and BLT denote METEOR,
BERTScore, and BLEURT, respectively.

same trend holds for macro-F1 under a fixed mid-
point threshold, where MATCHA reaches 59.49,
outperforming the best baseline R1-F1 by +22.04%.
MATCHA also records the strongest Wasserstein
distance (18.27), exceeding the best baseline Sim-
CSE by +11.55%. These findings demonstrate that
MATCHA maintains robust semantic separation
under substantial domain shift and generalizes ef-
fectively to domains with unseen vocabulary and
specialized reasoning requirements.

While threshold-based discrimination can suf-
fice for binary decision making, large and well-
calibrated score margins are especially desirable for
evaluation metrics because they improve robustness
and interpretability. In practice, evaluation metrics
are often used across datasets, models, and tasks
without a fixed or carefully tuned threshold; small
score gaps make them highly sensitive to noise, cal-
ibration shifts, and domain changes. As shown in
our experiments, metrics with narrow margins fre-
quently assign similarly high scores to both correct
and contradictory candidates, masking fundamen-
tal semantic errors. In contrast, MATCHA’s larger
margins provide more stable separation, stronger
alignment with human judgments, and more reli-
able comparisons across models and settings.

4.2.4 Human Evaluation

As Liu et al. (2016) explains, NLG evaluation met-
rics must agree with human judgment as their ulti-
mate test. We present a comprehensive human eval-
uation of MATCHA against the baselines through

Metric
SNLI MultiNLI TruthfulQA Overall

R@1 DCG R@1 DCG R@1 DCG R@1 DCG

R1-F1 5.50 50.29 8.00 47.88 2.50 46.19 5.33 48.12

R2-F1 6.00 40.94 10.50 43.53 14.00 49.00 10.17 44.49

RL-F1 1.00 48.08 3.00 45.86 3.50 47.46 2.50 47.13

METEOR 11.50 47.65 11.50 46.64 9.00 48.14 10.67 47.48

EmbSim 12.50 49.05 8.00 47.00 8.00 44.06 9.50 46.71

BERTScore 15.50 47.97 15.00 48.60 8.50 43.44 13.00 46.67

BLEURT 6.50 39.62 4.00 40.38 13.50 48.40 8.00 42.80

SimCSE 7.00 46.74 10.50 49.13 11.00 46.35 9.50 47.40

MATCHA 18.50 52.45 23.00 56.08 19.00 50.49 20.17 53.01

Table 8: Comparison of metric agreement with human
judgments. Higher R@1 and DCG are better.

two complementary studies: (1) a large-scale study
on the STS-B dataset, as in previous literature; and
(2) a focused study designed to examine how eval-
uation metrics score contrastive sentence pairs rel-
ative to human judgments. Although MATCHA
is designed to capture semantic alignment rather
than surface similarity, we include STS-B for direct
comparability with established baselines. Only for
this analysis, we fine-tune MATCHA on the STS-B
training split in a separate run that is fully isolated
from all other experiments (Table 7).

Large-scale human evaluation on STS task.
Prior evaluation metrics like SimCSE (Gao et al.,
2021), commonly report results on STS, using STS-
B as a standard benchmark. Table 7 shows that
MATCHA attains the highest concordance corre-
lation coefficient with STS-B human annotations,
outperforming prior NLG metrics. These results
indicate that MATCHA better captures semantic
similarity, with document similarity scores that are
most aligned with human judgments.

Human evaluation focused on contrastive cor-
rect/incorrect pairs. In order to best demon-
strate MATCHA’s performance in distinguishing
correct from incorrect while also emphasizing false-
negative detection, we conduct a focused human
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Figure 4: Concordance correlation coefficient among
metrics and between metrics and human judgment.

study on contrastive pairs. This study is designed to
be more focused than the large-scale one, as STS-B
does not provide contrastive correct/incorrect pairs.

Study Design. We randomly sample 200 exam-
ples each from test sets of SNLI, MultiNLI, and
TruthfulQA, and combine them for Overall evalua-
tion. Human annotators rated the semantic similar-
ity of randomly presented sentence pairs on a 1–5
scale, focusing on semantic meaning rather than
surface wording. We recruited eight annotators,
primarily scientists from various fields, who were
not directly involved in this research. The evalua-
tion interface is publicly available online 5. Both
human ratings and metric scores are linearly scaled
to the [0,1] range. To assess alignment with human
judgments, we report Rank@1 percentage (R@1),
DCG, and concordance correlation coefficient.

Ranking Methods by Alignment with Human
Judgments. As shown in Table 8, MATCHA con-
sistently outperforms all baseline metrics on the
overall dataset. It achieves the highest overall
Rank@1 score (20.17, +7.17% over BERTScore),
and highest DCG (53.01, +4.89% over R1-F1).
These results suggest that MATCHA produces sim-
ilarity scores more closely aligned with human per-
ception in ranking quality.

Correlation with human ratings. Figure 4
shows that n-gram metrics (R1-F1, R2-F1, RL-
F1, METEOR) correlate strongly with each other
(60–90) but poorly with human judgments (13–27),

5https://evalmetric.streamlit.app

consistent with Liu et al. (2016). Embedding-based
methods such as BLEURT (23.80) and SimCSE
(25.23) perform better but still struggle with cali-
bration and generalization. Notably, BERTScore
yields the weakest correlation with human rat-
ings (7.83), with scores clustered around 0.70-
0.80 regardless of quality. In contrast, In contrast,
MATCHA achieves the highest correlation with
human ratings (45.35), confirming its ability to cap-
ture nuanced, human-perceived meaning.

As a further reference, we compare MATCHA to
FActScore (Min et al., 2023), a recently proposed
metric that evaluates factual accuracy by assess-
ing whether each claim is supported by an exter-
nal knowledge source. While FActScore achieves
a higher correlation (66.19), it is based on an
industry-grade LLM (GPT-4 (Achiam et al., 2023)),
with live Internet access, and explicitly optimized
for factual consistency rather than semantic similar-
ity, making it an indirect comparison. Despite be-
ing much smaller, MATCHA achieves the strongest
correlation with FActScore among all metrics, vali-
dating its reliability.

5 Conclusions and Future Work

Motivated by the limited capability of existing
text similarity metrics in distinguishing contra-
dictory or sometimes even semantically unrelated
texts from one another, we introduced MATCHA,
a contrastive semantic similarity metric which is
highly aligned with human judgment. We vali-
date MATCHA via extensive experiments on eight
datasets, comparing it with top text similarity met-
rics across tasks such as question answering, natu-
ral language inference, caption generation, summa-
rization, and semantic textual similarity. In conclu-
sion, MATCHA achieves a new state-of-the-art per-
formance with a huge improvement. Additionally,
we show that MATCHA can outperform 23 state-
of-the-art embedding models in its ability to distin-
guish correct from incorrect using a reference. The
metric is applicable to a wide range of text genera-
tion systems, including LLM steering (Braun et al.,
2026), across dimensions such as topic (Ravenda
et al., 2025) and sentiment (Bahrainian et al., 2014;
Bahrainian and Dengel, 2015). Future work may
explore extending MATCHA to multilingual and
cross-modal contexts, as well as integrating it into
training-time objectives to guide generation models
toward more semantically faithful outputs.
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Limitations

Despite MATCHA’s strong performance and align-
ment with human judgment across a variety of
tasks, it still has some limitations that require fur-
ther exploration.

(1) MATCHA has been developed and evaluated
primarily on English-language datasets, and its abil-
ity to generalize to multilingual contexts remains
untested. This may limit its effectiveness in diverse
linguistic settings, where variations in grammar, se-
mantics, and cultural nuance can impact similarity
judgments.

(2) Although we did not present results using
large language models, MATCHA was intention-
ally designed to remain as small as possible while
still achieving strong performance. This deci-
sion reflects our consideration that future users of
MATCHA may not have access to advanced GPU
hardware. While this choice enhances MATCHA’s
accessibility and practical utility for the commu-
nity, it could also be viewed as a limitation, since
models with several billion parameters or more
were not evaluated.

(3) As with all supervised and learned evalu-
ation metrics, the scoring behavior may reflect
biases inherited from the training data and task-
specific definitions of correctness. This is a gen-
eral limitation of data-driven metrics rather than
one unique to MATCHA. To reduce this risk, we
design MATCHA with broad multi-domain data
collection, contrastive supervision across diverse
tasks, and an interleaved training strategy that dis-
courages over-specialization to any single bench-
mark. We further validate its robustness across mul-
tiple benchmarks and domains, although no trained
metric can fully account for all possible linguistic
variations and contextual notions of correctness.
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A Experimental Details

A.1 Training Details.

For MATCHA, we initialize the embedding layer
with pre-trained word embedding layer from
GPT-2 (GPT2-small). For supervised train-
ing, we use the training sets from SNLI (Bow-
man et al., 2015), MultiNLI (Williams et al.,
2018), Climate-Fever (Diggelmann et al., 2020),
NEWTS (Bahrainian et al., 2022) VitaminC (Schus-
ter et al., 2021), AltLex (Hidey and McKeown,
2016), SimpleWiki (Coster and Kauchak, 2011),
Sentence Compression (Filippova and Altun, 2013),
WikiHow (Koupaee and Wang, 2018), STS-B
(English) (Cer et al., 2017) and 100k randomly
sampled examples each (to ensure more bal-
anced dataset sizes) from COCO-Caption (Lin
et al., 2015) training dataset, Flickr30k (Plum-
mer et al., 2015), QQP (DataCanary et al.,
2017), ParaNMT (Wieting and Gimpel, 2018), and
WikiAnswers (Fader et al., 2014). We apply inter-
leaved training (Kirkpatrick et al., 2017), where
each batch is sampled from a different dataset,
to mitigate catastrophic forgetting across diverse
tasks. For the contrastive learning process, we use
contrastive pairs from SNLI, MNLI, VitaminC, and
QQP; for the other datasets, we construct incorrect
examples by sampling a random item as the incor-
rect candidate. In total, we train on approximately
1 million (reference, correct candidate, incorrect
candidate) triplets across 15 integrated datasets.
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A.2 Evaluation Datasets

SNLI and MultiNLI serve as NLI benchmarks, us-
ing entailments as correct pairs and contradictions
as incorrect pairs, with ~5.9k validation pairs each.
TruthfulQA is a question-answering dataset con-
sisting of questions intentionally crafted to elicit
common misconceptions. It provides 1k validation
pairs from 500 questions, where each pair consists
of the correct and incorrect answers, which we use
as our samples. COCO-Caption is derived from
the MS-COCO dataset, a benchmark for evaluating
image captioning systems. It includes 1k randomly
selected samples; for each, four concatenated cap-
tions form the reference, one additional caption
serves as the correct output, and an irrelevant cap-
tion is used as the incorrect output, yielding 2k
validation pairs. In the NEWTS topic-based sum-
marization dataset, we use the full summary as
the reference, the topic sentence as the correct in-
stance, and an unrelated sentence as the incorrect
one, yielding ~2.4k validation pairs. Additionally,
STS-B is a large-scale Semantic Textual Similar-
ity dataset and comprises ~1.4k test sentence pairs
annotated with human similarity scores.

A.3 Implementation Details.

We train MATCHA on 8 NVIDIA A100-PCIE-
40GB GPUs with a batch size of 128 and gradient
accumulation performed every 8 steps. The model
is trained for 15 epochs using the Adam optimizer
with a learning rate of 1e-4. We use a weight decay
of 0.05 and apply exponential learning rate decay
after each epoch. We set the random seed to 42 for
reproducibility. The input sequence length is 512,
and the context vector dimension Nc is 16.

B Semantic Separation in LM
Embedding Spaces

Semantic separation across thresholds. The
threshold curves in Figure 6 further illustrate
MATCHA’s advantage in maintaining semantic
separation, where document representations are
constructed by transformer and LLM-based mod-
els using mean pooling over final hidden states,
while static embeddings (e.g., GloVe, Word2Vec)
use mean pooling over token vectors. A zero
threshold corresponds to cases where correct and
incorrect candidates receive nearly identical sim-
ilarity scores, often reflecting model uncertainty.
Scores within a threshold of 0.1 can be viewed as
a “jitter region,” where differences are too small

Model
Attribution

Model
Attribution

(Corr, Incorr) Gap (Corr, Incorr) Gap

EmbSim (66.80, 47.82) 18.98 BERTScore (0.42, 0.40) 0.02

BLEURT (-1.78, -76.37) 74.59 SimCSE (79.84, 83.09) -3.25

Mistral-7B (95.88, 95.85) 0.03 MATCHA (60.63, -41.80) 102.43

Table 9: Average attribution scores for correct and in-
correct pairs (600 samples), along with their gap.

to be semantically meaningful. Many embed-
dings (e.g., MPNet, T5-Large) perform well at
these very low distinction thresholds but collapse
rapidly as the threshold increases, especially on
the unseen-domain TruthfulQA dataset. Notably,
Jina-Embeddings-V3 and SFR-Embedding-Mistral,
while being top 10 in STS from the MTEB bench-
mark, retain modest separation at low thresholds
but rapidly lose semantic differentiation. Even
DistilBERT-NLI, which was fine-tuned on NLI
datasets, degrades rapidly on TruthfulQA. Instead,
MATCHA maintains a large and stable gap be-
tween correct and incorrect pairs in all datasets,
with performance that decreases smoothly and con-
sistently as the threshold rises.

C Token-Level Interpretability

As a qualitative analysis, we compute token-level
attributions with Integrated Gradients on 600 pairs
randomly sampled from SNLI, MultiNLI, and
TruthfulQA (200 each). Positive attributions in-
crease the similarity score (green); negative attri-
butions decrease it (red). Figure 7 visualizes two
sentence pairs, (Reference, Correct) and (Refer-
ence, Incorrect), with bidirectional analysis shown
as four rows per metric.

EmbSim, BERTScore, BLEURT, and SimCSE
emphasize general content words (e.g., “caffeine”,

“growth”) and fail to flag contradiction-relevant to-
kens, producing nearly identical scores for correct
and incorrect pairs.

Mistral-7B embedding model from Section 4.2.2
gives uniformly high similarity scores (>0.9) re-
gardless of alignment. As shown in Figure 7e, attri-
bution weights decay from left to right, reflecting
the next-token prediction bias of autoregressive
LLMs rather than semantic distinctions.

By contrast, MATCHA captures nuanced se-
mantic differences between aligned and contradic-
tory pairs. It assigns strong positive attributions
to meaning-preserving tokens such as “not” and

“does not”, while giving strong negative attributions
to contradiction cues like “will”. This fine-grained
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(a) Climate-Fever

(b) COCO-Caption

(c) NEWTS

Figure 5: Average similarity scores and gaps between correct and incorrect pairs across embedding models on
Climate-Fever, COCO-Caption, and NEWTS.
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Figure 6: Comparison of embedding similarity gaps across embedding models on SNLI, MultiNLI, and TruthfulQA.
The y-axis shows the percentage of samples satisfying (SimC − SimI) > Threshold.

(a) EmbSim (b) BERTScore

(c) BLEURT (d) SimCSE

(e) Mistral-7B (f) MATCHA

Figure 7: Token-level importance visualization for pairs of (Reference, Correct) and (Reference, Incorrect) sentences.
Green highlights indicate tokens contributing positively to the similarity score, while red highlights indicate
conflicting tokens contributing negatively. Scores are from each metric, and the attribution scores reflect the total
contribution of all tokens to the final metric score.

Training Setup SNLI MNLI TruthfulQA Climate COCO NEWTS CCC

Contrastive Triplets (5D) 34.13 34.72 23.37 17.33 23.30 9.10 42.69

Random Negative (10D) 13.83 3.52 3.91 4.19 42.46 21.70 13.70

Sequential Training (15D) 26.32 27.70 16.79 10.42 45.24 20.30 36.01

Curriculum Learning (15D) 13.36 28.61 22.48 16.71 27.91 14.19 34.27

Interleaved Training (15D) 34.95 37.27 23.33 20.17 35.76 14.05 45.35

Table 10: Ablation study on training data composition, negative sampling, and optimization strategy. We report the
Wasserstein distance between correct and incorrect score distributions across six evaluation benchmarks, together
with the overall concordance correlation coefficient (CCC). D denotes the number of datasets used during training.
Interleaved training consistently yields the strongest and most balanced performance across domains.

21017



token sensitivity enables MATCHA, unlike other
metrics, to successfully distinguish contradictory
inputs. To assess whether this behavior holds at
scale, we now move from these examples to dataset-
wide results.

For a broader view, Table 9 summarizes average
token-level attributions for correct versus incorrect
pairs. BERTScore, SimCSE, and Mistral-7B em-
bedding model yield nearly identical averages for
the two conditions, indicating limited sensitivity
to contradiction. EmbSim shows a modest gap
(18.98). BLEURT reports a larger numerical gap
(74.59), but both means are negative, making its
attributions harder to interpret. MATCHA achieves
the largest attribution gap (102.43) between correct
and incorrect pairs, highlighting its ability to iso-
late meaning-bearing differences for humans and
provide token-level interpretability.

D Ablation on Training Data
Composition and Optimization
Strategy

To better understand which training choices con-
tribute most to MATCHA’s final performance, we
conduct an ablation study over dataset composi-
tion, negative sampling strategy, and optimization
schedule. Table 10 reports the Wasserstein distance
between correct and incorrect score distributions
across six evaluation benchmarks, together with the
overall concordance correlation coefficient (CCC).

The Contrastive Triplets (5D) setting, trained on
approximately 300k contrastive triplets, performs
strongly on entailment-sensitive and factuality-
oriented datasets such as SNLI, MNLI, and Truth-
fulQA, but its narrower dataset diversity limits
broader generalization.

The Random Negative (10D) setting, trained on
approximately 700k automatically constructed neg-
atives, performs better on surface-level generation
benchmarks such as COCO-Caption and NEWTS,
yet struggles to reliably distinguish semantically
similar contradictions.

Scaling to 15 datasets with Sequential Training
improves overall robustness, highlighting the im-
portance of multi-domain coverage. Curriculum
Learning (15D) yields moderate gains but remains
sensitive to dataset ordering effects.

The strongest and most consistent performance
is achieved with Interleaved Training (15D), which
combines broad dataset diversity with structured
contrastive supervision while preventing domi-

nance by any single domain. This configuration
achieves the highest overall CCC (45.35) and the
strongest Wasserstein distances on most bench-
marks, thereby motivating our final choice of inter-
leaved multi-domain training.

Overall, these findings suggest that MATCHA’s
gains arise primarily from balanced multi-domain
contrastive learning, rather than simply scaling
training data volume.
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