Embedding Similarity Is Not Quality Estimation:
Lessons from Replacing a Dedicated QE Model
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Abstract

Machine translation quality estimation
(QE) typically relies on dedicated neu-
ral models trained on human judgments.
We evaluate whether cosine similarity over
general-purpose embeddings can serve
as a lightweight alternative, using Gem-
ini embeddings as the scoring backbone.
Through three experiments (rogue dimen-
sion analysis, score calibration, and a
learned calibration head) and a root cause
analysis, we find that cosine similarity be-
tween source and translation saturates in
the 0.94-0.99 range because even poor
translations preserve most of the source se-
mantics, leaving an Area Under the ROC
Curve (AUC) ceiling of approximately
0.63. However, a LightGBM classifier
trained on normalized cosine and surface-
level text features breaks through this ceil-
ing (AUC 0.751), with the improvement
driven primarily by features orthogonal
to embedding similarity. These findings
demonstrate that raw embedding similarity
cannot serve as a drop-in QE replacement
and identify learned calibration as a viable
lightweight path forward.

1 Introduction

Segment-level quality estimation (QE) for ma-
chine translation aims to predict whether a trans-
lated segment is suitable for release without hu-
man review (Zhao et al., 2024). In practice, QE
scoring determines how many segments can be ap-
proved automatically, directly affecting the cost
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and speed of the review process (Gladkoff et al.,
2024; Cabeca et al., 2023).

The system under study previously used a ded-
icated neural QE model from the COMET family
(Rei et al., 2020), built on XLM-RoBERTa-large
and trained on human quality annotations. The
replacement was motivated by operational consid-
erations: general-purpose embedding models re-
duce infrastructure complexity, provide broad mul-
tilingual coverage, and were already deployed in
the pipeline for other tasks. This model was
replaced by a scorer based on cosine similarity
over Gemini embeddings (Lee et al., 2025), a
general-purpose embedding model that supports a
SEMANTIC_SIMILARITY task type designed for
pairwise text comparison. However, translations
inherently preserve most of the source semantics,
which may make cosine similarity a weak discrim-
inator of quality differences. The question moti-
vating this work is whether such a general-purpose
approach can match the performance of a dedi-
cated QE model, or whether the semantic over-
lap between source and translation creates a fun-
damental ceiling.

Initial evaluation revealed a performance differ-
ence: AUC 0.631 for the dedicated model versus
0.627 for the embedding scorer. We investigate the
causes of this difference and whether calibration or
feature engineering can reduce it.

We report on three experiments and a root cause
analysis:

1. Rogue dimension analysis: Outlier embed-
ding dimensions exist but are harmless; re-
moving them does not change quality rank-
ings (§5.1).

2. Score calibration: Redistributing or recali-
brating scores cannot improve discrimination



because the ranking is preserved (§5.2).

3. Learned calibration head: A LightGBM
classifier combining normalized cosine with
surface-level features substantially exceeds
both baselines (§5.3).

4. Root cause identification: Cosine similarity
saturates for source-translation pairs because
even poor translations preserve semantic con-
tent, creating a hard ceiling on discrimination

(85.4).

These experiments explain why embedding sim-
ilarity falls short as a QE proxy and demonstrate
that the saturation ceiling can be overcome with
a learned model that exploits signals beyond co-
sine similarity. These findings are directly relevant
to localization teams evaluating whether general-
purpose embeddings can replace dedicated QE
models in production pipelines (Sun and Wang,
2024; Zhao et al., 2024).

2 Background

Quality Estimation. QE aims to predict trans-
lation quality without reference translations (Zhao
et al., 2024). State-of-the-art QE models such as
COMET (Rei et al., 2020), CometKiwi (Rei et al.,
2022), and xCOMET (Guerreiro et al., 2024) use
cross-lingual encoders (e.g., XLM-RoBERTa) to
produce source and translation embeddings, then
construct a feature vector [es; e;; |es —e];esOey],
where e; and e; are the source and translation
embeddings, ; denotes concatenation, and © the
element-wise product. This vector feeds into a
trained regression head. The design explicitly pre-
serves element-wise differences, which allows the
model to detect subtle quality signals even when
overall semantic similarity is high.

Embedding Similarity for Evaluation. Recent
work has explored embedding similarity as a
lightweight alternative to trained QE models. The
underlying premise is that a faithful translation
preserves the semantic content of the source, so
cosine similarity between their embeddings should
correlate with translation quality: higher similarity
implies better preservation of meaning. This re-
duces QE to a semantic similarity measurement,
avoiding the need for quality-annotated training
data. Sun et al. (2024) investigate textual similarity
as a metric for MT quality estimation with mixed
results depending on task formulation. Dinh et

al. (2024) propose a k-nearest neighbors approach
over embedding representations for QE. Steck et
al. (2024) show that cosine similarity over embed-
dings does not always capture the properties users
expect.

Rogue Dimensions. Timkey and van Schijn-
del (2021) show that transformer language mod-
els contain a small number of “rogue dimensions”
with abnormally large means that can dominate co-
sine similarity. They propose z-score standardiza-
tion as a fix. Whether this affects modern embed-
ding models used for QE has not, to our knowl-
edge, been investigated.

3 System Description

The QE system under study operates as a compo-
nent within a translation pipeline. For each seg-
ment, it produces a quality score used to make a bi-
nary accept/reject decision via a per-group thresh-
old.!

Dedicated QE Model. The dedicated model
uses XLM-RoBERTa-large (1024-dimensional
embeddings) to encode source and translation
independently, constructs a 4096-dimensional
feature vector via concatenation and element-wise
operations, and passes this through a trained
regression head. The raw model output is rescaled
to [0, 1] through post-processing normalizations.

Embedding-Based  Scorer. The  replace-
ment scorer uses Gemini embeddings
(gemini-embedding—-001) with the

SEMANTIC_SIMILARITY task type (Lee et
al., 2025). Source and translation are embedded
independently into 1536-dimensional vectors.?
The scoring steps are:

1. Compute cosine similarity: cos(es, e;)
2. Rescale to [0, 1]: (cos+1)/2
3. Apply post-processing normalizations

4. Compare against the per-group threshold for
the accept/reject decision

'A group is defined by account, language pair, and content
domain.

“Truncated from the model’s maximum 3072 dimensions via
its built-in variable-dimensionality support.



Account N Y% Perf. Src Top targets

A 4,318 38.1 en,sv  zh, pt,ru, fr

B 2,666 362 en de, ja, fr, es

C 1,032 56.0 en fr, es, de, it

D 700 274 en ja, es, fr, zh

E 687 39.0 en pt, it, ja, zh

F 597 78.2 en fr, es, pt, it
Total 10,000 41.1 38 target langs

Table 1: Dataset summary. Accounts are anonymized.

Source languages are predominantly English with minor
Swedish source. “% Perf.” is the proportion labeled as ac-
ceptable.

4 Experimental Setup

Dataset. We sampled 10,000 translation seg-
ments from a pool of 2.1 million segments across
six accounts (Table 1). The data are proprietary
production content from a large language service
provider; no raw translation text is disclosed. The
segments are predominantly English source text
translated into 38 target languages, covering do-
mains such as technical documentation, user in-
terfaces, and support content. Each segment car-
ries an independent human quality annotation in-
dicating whether the translation meets quality stan-
dards: 41.1% are labeled as acceptable, 58.9% re-
quire review.

Evaluation Metrics. We evaluate using three
metrics that reflect both statistical discrimination
and practical applicability:

* AUC-ROC: threshold-independent measure
of the scorer’s ability to separate acceptable
from non-acceptable segments.

* Qualifying accounts: number of accounts
(out of 6) where a threshold can be found
satisfying minimum precision (> 0.8), mini-
mum support (> 50 segments), and minimum
volume constraints.

* Acceptance rate: percentage of words ac-

cepted at the optimal threshold, a key
throughput indicator.
Protocol. We use a 70/30 train/test split stratified

by the quality label (7,000/3,000 segments). All
calibration models are fit on the training set and
evaluated on the held-out test set. All data were
used in accordance with applicable data processing
agreements.

Finding Value Interpretation

Top rogue dim (115) p=-0.242 11x std

Top-5 contribution 24.9%  ~1/4 of total score
Near-perfect rank

r? after removal 0.9991  preservation

Max per-account A 0.14%  No group > 5%

Table 2: Rogue dimension analysis. Despite accounting for
nearly a quarter of total cosine similarity, rogue dimensions
act as constant offsets: removing them changes rankings by
only 0.09%.

5 Experiments and Results

5.1 Experiment 1: Rogue Dimension Analysis

Hypothesis. Following Timkey and van Schijn-
del (2021), Gemini embeddings may contain rogue
dimensions whose abnormally large means domi-
nate cosine similarity and distort quality rankings.
Removing them might improve discrimination.

Method. We compute per-dimension mean and
standard deviation across the full corpus of 20,000
embedding vectors (10K source + 10K target). We
flag dimensions where |u4| exceeds 10 standard
deviations of the distribution of dimension means.
We then measure: (a) how much the top-k rogue
dimensions contribute to total cosine similarity,
and (b) the 72 between original and post-removal
scores to see whether rankings change.

Results. Rogue dimensions are present: dimen-
sion 115 has a mean of —0.242, roughly 11X the
standard deviation of all dimension means, and the
top 5 dimensions account for 24.9% of total cosine
similarity. However, as Table 2 shows, removing
them has negligible impact on rankings.

The explanation is that rogue dimensions add a
near-constant term to all similarity scores. Since
the accept/reject decision depends on rankings
(threshold-based classification), a constant offset
is harmless. This extends the findings of Timkey
and van Schijndel (2021) to Gemini embeddings:
rogue dimensions exist but do not distort quality
rankings.

5.2 Experiment 2: Score Calibration

Hypothesis. The raw cosine similarity scores
may be poorly calibrated for the accept/reject de-
cision. Post-processing could improve discrimina-
tion.

Methods. Three calibration approaches of in-
creasing complexity were tested:



Method AUC Qual. Acc. %
Dedicated model (COMET) 0.631 — —
Baseline (cosine) 0.627 1/6 14.4
Monotonic norm. 0.627 1/6 14.4
Isotonic regression 0.627 1/6 17.1
Feature combination 0.561 0/6 0.0
LightGBM cal. head 0.751 2/6 34.8

Table 3: Score calibration results on the test set (N=3,000).
The dedicated COMET model is shown for reference
(threshold-based metrics not directly comparable due to dif-
ferent score distributions). “Qual.” = accounts meeting min-
imum quality criteria. “Acc. %" = best per-account word ac-
ceptance rate at optimal threshold. The LightGBM calibration
head (§5.3) is trained on normalized cosine and surface-level
features.

1. Monotonic normalization: an unsupervised
monotonic transform that maps scores to a
uniform distribution on [0, 1].

2. Isotonic Regression (IR): a supervised, non-
parametric method that learns a monotone
mapping from raw scores to empirical proba-
bilities of being acceptable (Niculescu-Mizil
and Caruana, 2005).

3. Feature Combination (FC): logistic regres-
sion over multiple features extracted from the
embedding pairs, including cosine similarity
and various distance measures.

Results. Table 3 presents the results. Both the
monotonic normalization and isotonic regression
produce AUC identical to the baseline (0.627).
This confirms a mathematical property of AUC:
monotonic transforms preserve rankings by defi-
nition and therefore cannot change it.

The feature combination approach performs
worse than the baseline (AUC 0.561 vs. 0.627),
with zero qualifying accounts. Gemini embed-
dings are perfectly L2-normalized by design, so
the norm ratio across all 10,000 pairs has zero vari-
ance, making norm-based features constant and
uninformative. The remaining distance-based fea-
tures are monotonic functions of cosine similarity
for L2-normalized vectors, so they carry no addi-
tional signal.

5.3 Experiment 3: Learned Calibration Head

Hypothesis. A learned model that combines
embedding-derived features with surface-level text
quality indicators may overcome the cosine satu-

ration ceiling by exploiting signals orthogonal to
semantic similarity.

Method. We train a LightGBM (Ke et al., 2017)
gradient-boosted tree classifier to predict whether a
segment is acceptable, framing QE as binary clas-
sification. The feature set combines embedding-
derived similarity measures with surface-level
text quality indicators. Training uses binary
cross-entropy loss with word-count-weighted sam-
ples, aligning the objective with the downstream
throughput metric (accepted words rather than ac-
cepted segments). Hyperparameters are tuned via
cross-validation on the training set.

Crucially, the model does not use the source
and target embeddings directly (no concatenation,
no element-wise operations). All embedding in-
formation is mediated through cosine similarity
and its normalized variants. This design reflects
the finding that the 1536-dimensional embeddings
contain mostly linguistic content rather than qual-
ity signal, making high-dimensional features noisy
for a 7,000-sample dataset.

Results. The LightGBM calibration head
achieves AUC 0.751 (Table 3), substantially above
both the cosine baseline (0.627) and the dedicated
COMET model (0.631). Two of six accounts
qualify for deployment (vs. one for the cosine
baseline), and the best per-account acceptance rate
reaches 34.8% (vs. 14.4%). In operational terms,
this means substantially more translation volume
can be auto-approved, reducing human review
load.

Feature importance analysis reveals that
surface-level features collectively outweigh the
embedding-derived features. This confirms that
the improvement comes primarily from signals
orthogonal to embedding similarity, capturing
error patterns that cosine similarity cannot detect.

5.4 Root Cause: Score Saturation

The experiments above show that the AUC ceiling
of around 0.63 is not caused by rogue dimensions,
poor score calibration, or unexploited embedding
features. The root cause is simpler: cosine sim-
ilarity measures semantic overlap, and trans-
lations inherently have near-perfect semantic
overlap with their source.

Even a poor translation typically covers the
same topic, mentions the same entities, and uses
related vocabulary, all of which embedding sim-
ilarity captures. The quality-relevant differences
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Figure 1: Distribution of cosine similarity scores for accept-
able vs. non-acceptable segments. Both distributions over-
lap heavily in the 0.94-0.99 range, leaving minimal room for
threshold-based separation.

(a dropped negation, an incorrect number, wrong
terminology) are subtle linguistic details that pro-
duce negligible movement in a 1536-dimensional
embedding space.

Empirically, cosine similarity scores cluster in
the 0.94-0.99 range for both acceptable and non-
acceptable segments (Figure 1). The mean score
difference between the two classes is only 0.004
(acceptable: 0.951, needs review: 0.947), com-
pressed into a range of roughly 0.05 units, which
severely limits threshold-based discrimination.

This contrasts with how dedicated QE models
work. The [es; e;; |es — e¢]; €5 © €] feature vector
explicitly preserves element-wise differences, and
the regression head learns to amplify divergences
that signal quality problems. Raw cosine similar-
ity collapses all pairwise information into a single
scalar, discarding the fine-grained signal that QE
requires. Even the dedicated COMET model only
reaches AUC 0.631 on this data (Table 3), which
suggests that segment-level QE on heterogeneous
multilingual data is inherently challenging.

6 Discussion

Generalizability. We argue that the saturation
effect is structural: it follows from what cosine
similarity measures, not from the specific embed-
ding model. Any model optimized for seman-
tic similarity will produce high scores for source-
translation pairs, because adequate translations are
semantically similar by definition. The LightGBM
result reinforces this: the improvement comes pri-
marily from non-embedding features, confirming
that cosine similarity itself provides limited qual-
ity signal. Embedding similarity may still be use-
ful for system-level comparisons (ranking differ-

ent MT engines), where outputs genuinely differ
in semantic fidelity. The limitation is specific to
segment-level QE within a single system.

Calibration vs. Discrimination. Monotonic
transforms preserve rankings by construction and
therefore cannot improve AUC (Niculescu-Mizil
and Caruana, 2005). It is important to distinguish
calibration problems (fixable via score remapping)
from discrimination problems (which require a
different model).

Practical Recommendations. Embedding co-
sine similarity should not be treated as a drop-in
replacement for trained QE models. The Light-
GBM calibration head demonstrates a viable mid-
dle ground: a lightweight learned model that com-
bines normalized cosine with surface-level text
features can substantially outperform both raw co-
sine and the dedicated COMET model, without
requiring the large-scale human annotation data
that dedicated QE models depend on. When a
dedicated model is unavailable, such learned cal-
ibration approaches are preferable to attempting to
post-process similarity scores.

Limitations. This study uses a single embedding
model (Gemini), a single pipeline, binary qual-
ity labels (not continuous MQM scores), and data
from a single domain. Nevertheless, we expect
other general-purpose embedding models to ex-
hibit similar saturation, since the effect follows
from what cosine similarity measures rather than
from the specific model. The AUC difference be-
tween models (0.004) is small and we do not report
bootstrap confidence intervals; however, the core
finding rests not on the magnitude of this differ-
ence but on the saturation mechanism that bounds
it. Evaluating this hypothesis across other embed-
ding models, and testing the learned calibration ap-
proach on larger datasets with continuous quality
labels, are immediate next steps.

7 Conclusion

This paper presented a systematic investigation
into using Gemini embedding cosine similarity
as a replacement for dedicated neural QE. Rogue
dimension analysis and score calibration experi-
ments confirm that cosine similarity saturates for
source-translation pairs because even poor trans-
lations preserve most of the source semantics, re-
sulting in an AUC ceiling of approximately 0.63.



This ceiling cannot be addressed through calibra-
tion or feature engineering; it reflects a fundamen-
tal limitation of reducing a high-dimensional pair-
wise comparison to a single similarity scalar.

However, the saturation ceiling is not a hard
limit on the data itself. A LightGBM calibration
head trained on normalized cosine and surface-
level text features achieves AUC 0.751, substan-
tially exceeding both the cosine baseline and the
dedicated COMET model. The improvement is
driven primarily by features orthogonal to embed-
ding similarity, confirming that the quality signal
cosine collapses can be recovered through comple-
mentary indicators. This suggests that the path for-
ward for lightweight QE lies in learned models that
combine embedding-derived signals with surface-
level text features, rather than in better embeddings
or more sophisticated similarity measures.
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