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Abstract

Embedding spaces define notions of seman-
tic similarity and distance. We study whether
those embeddings reflect physical measure-
ments of mass, distance, time and volume,
which admit a unique, objective notion of se-
mantic equivalence and distance. We find that
physical measurement is only weakly mod-
eled in the embedding space, and that instead
quite peculiar measurement patterns can be ob-
served. Further analysis indicates that embed-
ding representations of physical measurements
are strongly influenced by superficial string
similarity, and recalibration of similarity does
not substantially improve the alignment.

1 Introduction

Embedding models are routinely interpreted as se-
mantic measurement spaces. Notions like Semantic
Textual Similarity (STS, Cer et al., 2017) concretely
pose their task as assessing “the degree to which
two sentences are semantically equivalent.” Yet,
evaluation of this property has proven tricky, also
because there can often be many aspects in which
two items are similar (Tversky, 1977).

As a focused, idealized testbed of semantic
equivalence and distance, this paper examines phys-
ical measurement systems. Those systems have
long enabled precise communication about the
physical world, from science and engineering to ev-
eryday reasoning (Greaves, 1647; Kennelly, 1935).
In this paper, we therefore ask:

How well are the physical metric spaces
aligned with embedding metric spaces?

For instance, the expressions 1 meter and 100 cen-
timeters clearly denote the same physical quantity
and we might hope therefore that they are located
in close proximity in an embedding space. Simi-
larly, we may wonder if 1 meter is embedded closer
to 105 centimeters than to, e.g., 15 kilometers, as
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Figure 1: Ideal (A) vs. extracted similarities (B, C). Each
square holds the similarity of two physical measurement
phrases, e.g., “1 meter” vs. “10 meters”.

only then would the similarity reflect the actual
underlying physical relationship.

Our study finds that the physical relationships
are far from faithfully reflected in embedding
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spaces. Instead, most peculiar patterns can be ob-
served across all 24 models that we tested. Notably,
this holds largely independently of model archi-
tecture and release date. Figure 1 illustrates this
finding: Panel A depicts an ideal measurement
space in which similarity decreases smoothly with
increasing physical distance. Besides the diagonal,
both tested models’ measurement patterns (Panels
B and C) appear mostly erratic. Indeed, we can
easily spot pronounced non-monotonic artifacts, in-
cluding horizontal/vertical bands, as well as irregu-
lar local neighborhoods that misalign with physical
distance. That said, both models seem to be able to
roughly differentiate negative from positive mea-
surements, as can be observed by the larger, darker
rectangular areas on the bottom right (in B, and C).

In this work, we evaluate a set of 24 common em-
bedding models and report three main, generalizing
findings.

1. Representations of physical units and mea-
surements are consistently weak across all 24
tested models, all showing various peculiar
alignment patterns.

2. Models that are generally considered stronger
do not clearly show better alignment in our
measurement evaluation. The model family
or embedding dimension also does not appear
to play a major role.

3. We find evidence that embedding similarity of
physical measurements is strongly associated
with lexical rather than semantic/numerical
similarity, offering a plausible explanation for
many of the observed non-aligned patterns.
Simultaneously, via linear probes, we reject
the hypothesis that the similarity is merely
miscalibrated for this task.

The remainder of this paper is structured as fol-
lows: After discussing related work in Section 2,
we introduce the formal operationalization of em-
bedding measurement and the tested embedding
models in Section 3. In Sections 4 and 5 we per-
form visual exploration, testing measurements (e.g.,
2 meters, 3 meters) and unit-understanding prop-
erties of embeddings (e.g., meter, kilometer, liter,
gallon, etc.), respectively. In Section 6 we craft a
focused benchmark to compare models along a sin-
gle axis with regard to understanding physical mea-
surements, testing how faithfully they reflect the
physical distance relationships (The result is: Not

very faithfully). Finally, in Section 7 we investigate
potential reasons for the alignment disparities. We
conclude with a discussion (Section 8). We share
code for reproducing the experiments publicly.1

2 Related Work

Embedding models are typically trained con-
trastively to minimize distances between similar
texts and maximize distances between dissimilar
texts. The resulting representations are used in all
kinds of NLP tasks, ranging from document clas-
sification to retrieval and clustering. Early mile-
stones of such models are based on encoders such
as “SBERT” (Reimers and Gurevych, 2019) and
“SimCSE” (Gao et al., 2021), later ones also extend
this principle of contrastive training to decoder-
based LLMs (Zhang et al., 2025).

Embedding models can either be evaluated
through the ‘macro lens’ via large benchmarking
suites like MTEB (Muennighoff et al., 2023), or
a ‘micro lens’ via focused tasks like recognizing
challenging paraphrases (Li et al., 2025; Michail
et al., 2026). Some works also study the inter-
pretability of such embeddings (Opitz et al., 2025).
In our paper we tighten the focus further, to a cen-
tral objective phenomenon: physical measurements.
While physical measurements have been explored
in LLMs (Park et al., 2022) and word embeddings
(Sundararaman et al., 2020), our exploration is con-
ducted on the contrastively trained text representa-
tions that promise to preserve “essential semantic
and syntactic information” (Tao et al., 2026). We
therefore ask: To what extent do they preserve the
meaning of expressions of physical measurements?

3 General Setup

Measurement through embeddings. We as-
sume that given is E : T → Rn, a function that
maps from text objects to a high-dimensional vec-
tor space (i.e. ‘embedding model’). We further
assume two quantities (q1, q2) ∈ R2 measured in
two corresponding units (u1, u2) ∈ T 2. Further-
more, str : R× T → T maps a measurement in a
unit to a string. Then

E
(
str(q1, u1)

)
· E

(
str(q2, u2)

)
||E

(
str(q1, u1)

)
|| × ||E

(
str(q2, u2)

)
||

(1)

computes the standard cosine similarity score based
on the vectors’ dot-product (·) and the product of

1https://github.com/flipz357/embed-and-
measure
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their magnitudes (×).
For instance, say q1 = 10, q2 = 1, and

u1 = kilometer and u2 = meter. The embed-
dings on which the similarity is computed will be
E(“10 kilometers”) and E(“1 meter”).

Embedding models. We select a diverse set of
24 standard and widespread embedding models,
ranging from older ones based on BERT encoders,
to recent larger ones based on LLM decoders, in-
cluding broader model families. The full overview
and discussion on the selected models is given in
Appendix A.1. When studying a specific example
case in the paper, we will use all-mpnet-base-v2
and Qwen3-Embedding-0.6B as these two models
are among the most downloaded embedding mod-
els and are built on encoder, and decoder, respec-
tively. However, we will always present parallel
results of other models in the appendix. Also note
that those embedding models span a range of em-
bedding dimensionalities: from 384 (MiniLM) to
4096(Qwen3-Embedding-8B).

Physical quantities and ranges. We use the fol-
lowing physical quantities as measured in standard
units: Length (meters), Mass (kilograms), Volume
(liters), Time (seconds). We further introduce dif-
ferent measurement ranges as expressed by differ-
ent types of ranges: Local is a range from 0 to 10;
Medium from 0 to 1,000; and log for up to 100,000.
Sign applies an extended scale from -100 to 100,
including negative numbers. And scientific uses
scientific exponential notation. The stepsizes are se-
lected such each range is broken down into roughly
20 steps. Lastly, we express the Local scale both
numerically (e.g., “5 meters”) and as words (e.g.,
“five meters”), for each integer in between zero/0
and ten/10, including one-hundred/100.

4 Visual Exploration

Setup. Given one quantity and one range, we ap-
ply the embedding model to calculate similarity for
each value pair (e.g., “5 meters” vs. “8 meters”, Eq.
1). This allows us to plot and compare heatmaps ac-
cording to different scales and measures, separately
for each embedding model.

Results. The full results for two embedding mod-
els are visualized in Figure 2. Specifically, across
all units and quantities, we can see a stark contrast
to how a smooth idealized plot can be imagined
(see the caption for description of idealized plots),
observing many misaligned and peculiar patterns.

The results for all other models are shown
in Appendix A.2 and show various patterns of
marked misalignments. Importantly, we do not
observe any marked and broader alignment differ-
ence from older embedding models that are consid-
ered “weaker”, generally speaking, and the newer
models, even if they are based on LLM-decoders.

The checker pattern. Some plots, particularly
those for the Local scale (left column, Figure 2) ex-
hibit a pronounced “checker pattern,” dominated by
aligned integer-integer pairs alternating with non-
aligned integer-float pairs. E.g., for both models 2.5
{meters, kilograms, liters, seconds} is more simi-
lar to 7.5 {meters, kilograms, liters, seconds} than
to 3 {meters, kilograms, liters, seconds}, which
misaligns with the physical measurement. The ex-
planation for this may be intuitive and leads to a
first hypothesis for the misalignment: Embedding
similarity for measurements is mostly driven by
surface similarity, and not the actual underlying
metric distance (in the last part of this piece, we
investigate this hypothesis in depth).

Numerical and literal expressions. We study
the alignment of quantities expressed numerically
and literally, in the right column of Figure 2. Strik-
ingly, we see that embeddings barely capture this
semantic equivalence, but some interesting model
differences can be observed: For instance, Qwen
assigns high similarities to one/1, as well as to
one/0—most pronounced for the liter and kilogram
quantity. On the other hand, mpnet assigns one and
1 a markedly higher similarity than to one and all
other numbers that are not 1.

Further, Qwen shows some interesting horizon-
tal lines when aligning digits with words. For ex-
ample, it appears that “nine liters” are rated as
dissimilar to all other liter quantities expressed in
digits, whereas this is not so for, e.g., “one liter”
or “two liters.” For nine/9 and ten/10, even the self
comparison is comparatively weak, showing pro-
nounced misalignment between the numerical and
literal expression of the same number. With the ex-
ception of one-hundred/100, the self-paraphrased
numbers are better aligned in the mpnet model that
was released a few years before Qwen.

5 Testing Conversion Understanding

For this study, we ask how well embedding spaces
capture unit conversion. For instance, one hour is
60 minutes, whereas one gallon is 3.78 liters.
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Figure 2: Large-scale measurement exploration for two example models. For most columns/plots the idealized
figure is simply one that uniformly becomes more yellow towards the diagonal (Fig 1. 1 top panel). An exception is
the Log and the scientific notation, where the idealized plot would have a darkening effect that is over-proportionally
increasing towards the bottom-right corner (since distances are over-proportionally increasing).

Figure 3 shows how well different units align
across the different types of quantities. In all of the
shown plots in this figure, the idealized alignment

would be a horizontal line that is very close to 1.0.
However, when inspecting the alignment through
embedding spaces, we again see rather diffuse pat-
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Figure 3: Conversion analysis. For each quantity and
two example models there is one plot. Each line in each
plot indicates a conversion-alignment. For example, in
the plot on the top left, the y-value at the point 100 on
the x-axis denotes the embedding similarity between 1
meter and: 100 centimeters (blue line), 1000 millimeters
(orange line) and 0.001 kilometers (green line).

terns of alignment. This time, the lines tend to
be slightly higher in the Qwen embedding space,
potentially indicating better alignment across dif-
ferent units. Particularly, as the quantities become
larger, there is a strong alignment performance
drop-off observed in mpnet, but not so much in
Qwen. The comparatively most pronounced align-
ment seems to be in Qwen when relating seconds
and milliseconds—it’s the only line that exceeds
0.9 and stays consistently high. However, ulti-
mately, no line is horizontal and close to 1.0, and so
we can conclude that unit conversion is also highly
fuzzy in both embedding models.

Other embedding models are shown in Appendix
A.3 and show similarly non-aligned patterns, with
some particularly erratic ones.

6 Crafting a Small Benchmark

We would like to assign an average degree of ‘task
performance’ to the models, in order to compare
them with respect to their capacity of modeling
the physical relationships, ranking the models on a
single axis.

Setup. We use two performance metrics.
Kendall’s τ is a classic non-parametric statistic
that measures the ordinal association between
two variables, well suited to this evaluation. We
further define as an additional metric the Pairwise
Accuracy (PAC), which simply calculates the
ratio of correctly ranked pairs. Note that PAC
also follows directly from τ (PAC=50 + τ/2), we
include it primarily here for easier readability. E.g.,
if the similarity of two meters to 2 meters is higher
than to, e.g., 100 meters, a point is added; the
resulting sum is divided by all available pairs. We
calculate both performance metrics across every
distance relationship (across every scale and across
every quantity). We call this small benchmark
‘PhysScore’.

model K’s τ PAC AVG

all-MiniLM-L6-v2 36.97 68.48 52.72
all-mpnet-base-v2 40.97 70.48 55.73
bge-large-en-v1.5 39.82 69.91 54.86
bge-m3 37.30 68.65 52.97
DenseOn 42.70 71.35 57.03
e5-large-v2 47.35 73.68 60.51
embeddinggemma-300m 24.40 62.20 43.30
granite-embedding-107m-multilingual 26.38 63.19 44.79
granite-embedding-278m-multilingual 30.84 65.42 48.13
granite-embedding-311m-multilingual-r2 33.72 66.86 50.29
granite-embedding-97m-multilingual-r2 33.67 66.83 50.25
granite-embedding-english-r2 36.94 68.47 52.70
harrier-oss-v1-0.6b 40.76 70.38 55.57
harrier-oss-v1-270m 45.96 72.98 59.47
LaBSE 51.31 75.66 63.49
multilingual-e5-base 39.06 69.53 54.29
multilingual-e5-large 41.97 70.98 56.47
multilingual-e5-large-instruct 53.23 76.61 64.92
mxbai-embed-large-v1 39.24 69.62 54.43
nomic-embed-text-v1.5 18.57 59.29 38.93
paraphrase-multilingual-mpnet-base-v2 33.99 66.99 50.49
Qwen3-Embedding-0.6B 40.47 70.24 55.35
Qwen3-Embedding-4B 34.22 67.11 50.67
Qwen3-Embedding-8B 32.27 66.13 49.20

AVG 37.59 68.79 53.19

random-baseline 0.00 50.00 25.00

Table 1: Result on PhysScore.

Result. Table 1 shows the overall performance
ranking of models. While all models outper-
form the random baseline, no model exceeds
a Kendall’s τ of 54. The best model is a
e5 variant (multilingual-e5-large-instruct)
with Kendall’s τ of 53. Hence, all models are sub-
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stantially misaligned with the physical measure-
ments. Also note that these results can already be
viewed as statistically optimistic—the random base-
line is naturally disfavored since the diagonals are
trivially resolved by all embedding models (same
strings). Another observation is that model scale
seems to have no clear positive effect on the align-
ment capacity. Sometimes even, an inverse effect
is observed: The similarity of the smallest Qwen
model sometimes achieves a better alignment than
the larger ones.

Which measurements are hardest? To explore
this question, we show in Table 2 the average, min-
imum, and maximum Kendall’s τ across all embed-
ding models, for each quantity, unit, and range.

Unit Range Avg Min Max

kilogram local 27.66 -20.95 69.52
kilogram log 50.47 -7.33 84.00
kilogram medium 23.65 -4.76 56.19
kilogram scientific 35.92 16.00 62.67
kilogram sign 35.00 -15.24 63.81

kilogram AVG 34.54 -6.46 67.24

liter local 29.96 -13.33 62.86
liter log 61.53 2.67 82.00
liter medium 27.98 4.76 53.33
liter scientific 34.72 12.67 66.67
liter sign 30.95 -20.95 60.00

liter AVG 37.03 -2.84 64.97

meter local 32.98 -18.10 77.14
meter log 62.44 9.33 84.67
meter medium 29.84 -13.33 75.24
meter scientific 35.42 16.00 60.67
meter sign 31.75 -18.10 65.71

meter AVG 38.48 -4.84 72.69

second local 32.18 13.33 64.76
second log 61.78 -1.33 89.33
second medium 32.18 -0.95 61.90
second scientific 38.81 17.33 74.00
second sign 36.55 -13.33 61.90

second AVG 40.30 3.01 70.38

Table 2: Average, minimum, and maximum Kendall
correlation across models for each unit and range.

We see that Mass (kilogram) appears as the most
challenging for all embedding models (on average),
with an average Kendall’s τ of only 34.5. The

minimal τ of any embedding model can even be
lower than 0.0 in some cases, indicating an inverse
measurement conducted by an embedding model.
Overall the relatively best aligned quantities ap-
pear to be distance and time (meters and seconds).
Regarding scales, the medium scale proved most
challenging for the models, on average.

7 Analysis

7.1 Is Similarity just Miscalibrated?

Through our embedding models, we calculated
similarity in the most frequent way: Using cosine
similarity. However, this assigns each dimension
in the embedding representation the same prior
weight. Thus, it could be that the representations
hold highly useful information for measuring, but
it gets blurred when applying the dot-product.

To test this hypothesis, we perform a training-
test split, and re-evaluate the models. The baseline
for this experiment is the cosine similarity, and
the tested model is a linear regression on the ab-
solute difference of the embedding vectors of two
measurement expressions (aka linear probe). This
gives the option to potentially emphasize those di-
mensions which could perhaps hold the informa-
tion about physical relationships.

Cosine Probe

model K’s τ K’s τ ∆τ

all-MiniLM-L6-v2 37.1 37.0 -0.1
all-mpnet-base-v2 40.4 43.0 +2.6
bge-large-en-v1.5 31.9 32.3 +0.4
bge-m3 37.3 39.7 +2.3
DenseOn 38.9 35.6 -3.3
e5-large-v2 35.7 48.1 +12.3
embeddinggemma-300m 28.3 21.0 -7.3
gr-embedding-107m-multilingual 29.3 20.4 -8.9
gr-embedding-278m-multilingual 30.0 33.2 +3.2
gr-embedding-311m-multilingual-r2 28.9 32.2 +3.3
gr-embedding-97m-multilingual-r2 26.8 28.7 +1.9
gr-embedding-english-r2 25.5 26.7 +1.3
harrier-oss-v1-0.6b 34.4 40.1 +5.6
harrier-oss-v1-270m 39.5 47.3 +7.8
LaBSE 43.6 50.1 +6.5
multilingual-e5-base 31.9 39.3 +7.4
multilingual-e5-large 38.0 43.5 +5.5
multilingual-e5-large-instruct 44.7 51.4 +6.7
mxbai-embed-large-v1 31.0 32.5 +1.6
nomic-embed-text-v1.5 25.8 29.1 +3.3
par-multilingual-mpnet-base-v2 20.4 26.9 +6.4
Qwen3-Embedding-0.6B 33.7 31.9 -1.8
Qwen3-Embedding-4B 35.7 41.9 +6.2
Qwen3-Embedding-8B 33.7 41.5 +7.8

AVG 33.4 36.4 +3.0

Table 3: Result of recalibration experiment expressed in
Kendall’s τ × 100.
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Character Tokenizer Numeric

Model All F×F F×I I×I All F×F F×I I×I All F×F F×I I×I

all-MiniLM-L6-v2 21.0 22.0 17.1 44.2 15.1 10.4 10.2 37.1 28.1 23.0 28.7 39.0
all-mpnet-base-v2 27.7 31.7 21.0 41.9 20.4 19.9 8.7 34.0 26.1 40.9 26.0 36.2
bge-large-en-v1.5 10.9 25.2 29.1 35.2 7.7 22.9 31.1 18.5 8.0 26.5 6.9 18.6
bge-m3 18.1 31.3 36.8 49.2 3.6 25.0 25.7 31.9 19.5 34.3 22.7 29.7
DenseOn 23.5 18.1 21.0 36.9 27.4 17.0 25.1 31.6 20.2 20.2 18.9 33.3
e5-large-v2 29.0 23.9 27.2 45.1 22.0 15.2 14.5 38.7 16.9 18.2 15.3 32.8
embeddinggemma-300m 51.6 36.3 39.6 44.6 51.6 36.3 39.6 44.6 3.3 8.3 2.1 8.8
granite-embedding-107m-multilingual 27.0 25.9 32.4 43.1 16.7 10.9 14.1 31.0 16.7 14.9 16.4 20.6
granite-embedding-278m-multilingual 29.4 25.1 33.2 46.3 16.3 11.8 14.5 25.2 14.8 11.7 14.6 21.1
granite-embedding-311m-multilingual-r2 14.2 32.5 33.3 53.6 14.2 32.5 33.3 53.6 9.1 17.0 10.4 11.8
granite-embedding-97m-multilingual-r2 4.9 17.5 11.9 27.9 8.5 18.9 2.5 29.3 12.5 12.5 12.7 21.2
granite-embedding-english-r2 16.7 29.9 29.6 44.6 9.1 14.7 4.6 21.1 14.4 20.5 10.8 22.6
harrier-oss-v1-0.6b 27.0 42.1 32.0 43.0 27.0 42.1 32.0 43.0 21.7 46.1 29.7 32.6
harrier-oss-v1-270m 28.4 42.5 30.5 43.1 28.4 42.5 30.5 43.1 23.3 48.5 32.8 38.0
LaBSE 39.6 32.7 28.5 48.7 42.7 42.0 13.0 35.7 18.1 29.7 18.8 24.4
multilingual-e5-base 23.5 32.6 34.3 50.3 6.8 27.3 13.6 27.7 17.2 24.1 23.3 25.4
multilingual-e5-large 25.5 32.4 29.4 50.1 6.8 24.9 0.9 31.2 18.4 37.4 26.9 24.9
multilingual-e5-large-instruct 39.7 28.1 29.4 40.4 27.5 25.3 15.9 22.4 26.9 49.1 29.9 30.7
mxbai-embed-large-v1 10.0 24.2 28.7 33.9 5.4 16.0 26.6 17.1 6.9 18.0 6.1 16.5
nomic-embed-text-v1.5 -5.6 16.9 28.9 32.8 -16.9 -3.7 5.7 17.5 6.5 5.8 5.9 15.2
paraphrase-multilingual-mpnet-base-v2 5.0 17.8 19.8 29.7 -11.5 -5.0 3.7 6.4 8.1 14.4 7.0 8.2
Qwen3-Embedding-0.6B 47.6 23.6 30.7 50.8 47.6 23.6 30.7 50.8 11.7 13.7 13.7 25.2
Qwen3-Embedding-4B 30.1 26.3 38.8 53.8 30.1 26.3 38.8 53.8 13.1 12.6 8.4 27.3
Qwen3-Embedding-8B 36.7 33.9 39.2 49.5 36.7 33.9 39.2 49.5 18.3 24.2 15.8 25.1

Table 4: Kendall’s τ (×100; range −100 to 100, higher = stronger association) between embedding similarity and
three reference similarities: character-level Levenshtein (Character), token-level Levenshtein (Tokenizer), and true
numerical proximity (Numeric). Columns distinguish float–float (F×F ), float–integer (F×I), integer–integer
(I×I), and all pairs (All).

The results are shown in Table 3. Overall,
changes by recalibration are small. The largest
increase in Kendall’s τ points is +12.33, but the
absolute value for this model is still fairly small (47
τ ). Furthermore, no model exceeds 54 τ , even after
recalibration.

Regarding the Qwen model family, this time the
larger ones appear to profit more from recalibration,
so their representation may hold the information
in better ways, but not aligned with the similarity.
Still, overall alignment is low.

In sum, we find no convincing support for the
hypothesis that the misalignment with physical re-
lationships is just due to miscalibration of the simi-
larity function.2

7.2 The Effect of Superficial String Overlap

Based on the results from our visual explorations,
we had already speculated that one major driver
of the misalignments is an over-focus on superfi-
cial string similarity. Because of this, embedding
models might tend to neglect the actual underlying
physical relationships. In this section, we empiri-

2This is in line with Huber and Opitz (2026) who find that
the original similarity function of the contrastively trained
models is already fairly optimal.

cally investigate this hypothesis.

Setup. We generate ranges of random num-
bers, one series of floating-point numbers (F )
and another series of integers (I), both ∈
[−1000,+1000]. We convert these numbers to
strings. For every unique pair of these number
strings (joining floating and integer series), we cal-
culate 1. The Levenshtein distances based on the
characters in the strings; 2. The Levenshtein dis-
tances based on the generated sub-word sequences
of the embedding models themselves (‘tokens’);
and 3. The ‘ground-truth’ so to speak, i.e., the ac-
tual distance between the numbers. We negate
these distances and compute Kendall’s τ between
embedding similarity and the (inverse) distances.
Put simply, a higher correlation implies a stronger
link between embedding similarity and another sim-
ilarity (either character, sub-word, or ground truth).
We report correlations separately for float–float
(F×F ), float–integer (F×I), and integer–integer
(I×I) pairs, as well as over all pairs jointly (All).

Result. The results in Table 4 reveal a clear dis-
tinction between lexical similarity and numerical
semantics. Across the evaluated models, embed-
ding similarity tends to be more strongly associated
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with the textual representation of numbers than
with their actual numerical values. In other words,
numbers that look similar—for example, because
they share digits or token fragments—often receive
more similar embeddings than numerically close
numbers.

For example, the Qwen3 embeddings exhibit
a fair correlation with both character-level and
tokenizer-level Levenshtein similarity. At the same
time, their correlation with the true numerical dis-
tance is comparatively weaker. This suggests that
Qwen3 primarily encodes the physical statements
as lexical objects rather than as quantities with an
inherent ordering or magnitude.

Overall, these findings support our initial hypoth-
esis that modern embedding models may largely
process numbers according to their textual repre-
sentation rather than their quantitative meaning. If
embeddings primarily organize numbers according
to shared digits, prefixes, or tokenizer fragments,
then semantic operations over numerical quantities
become unreliable and highly dependent on the
accidental textual form of the numbers.

This effect persists even for recent, large-scale
embedding models, suggesting that increased
model capacity alone does not necessarily lead
to more faithful representations of physical state-
ments. Indeed, one of the strongest correla-
tions with string similarity and one of the weak-
est correlations with numerical distance is ob-
served for Google’s LLM-based gemma embed-
ding (embeddinggemma-300m).

8 Discussion

From our study there is one central conclusion:

Embedding model similarity is only
weakly aligned with physical measure-
ments.

While our range of tested embedding models is
necessarily limited, we did not observe a systematic
improvement between older to more recent models,
suggesting that it is not simply a matter of scale or
recency. This raises a central question:

What drives these misalignments?

Our final experiment provides one potential ex-
planation. Embedding similarity is more strongly
associated with superficial lexical similarity—
measured either at the character level or by the
models’ own tokenization—than with the actual

numerical relationships between values. In par-
ticular, even LLM-based embedding models like
Qwen3 exhibit moderate dependence on string sim-
ilarity while showing only weak correspondence
to the underlying quantitative semantics. Recali-
bration of the similarity function did not alleviate
this issue. This suggests that at least part of the
observed misalignment stems from the models or-
ganizing representations according to surface form
rather than meaning.

While the work of Weller et al. (2026) might
suggest that the misalignments reflect a theoretical
limitation of embedding models by their dimen-
sionality, we do not observe a corresponding trend
in alignment quality that would correspond to their
dimensionality.

Instead, we believe that our results point toward
the learning objective itself. Contrastive training
may simply provide insufficient pressure to orga-
nize the embedding space according to physical or
quantitative relationships. For such alignment to
emerge without explicit supervision, it would have
to constitute an emergent capability of embedding
models (or be an explicit objective in benchmarks).
This naturally raises another question:

Should similarity be aligned with physi-
cal measurements?

For many retrieval and clustering applications, un-
derstanding quantitative relationships may play
only a minor role. And lexical similarity can often
be a useful inductive bias, particularly for iden-
tifiers, version numbers, dates, or product codes.
Nevertheless, it seems also fair to expect that any
embedding model that promises to measure se-
mantic equivalence, or semantic similarity, should
clearly judge “2 kilometers” and “2000 meters” as
more similar than “2 kilometers” and “2 meters”.

More generally, the inability to capture such el-
ementary relationships may become increasingly
problematic as embeddings are employed beyond
conventional retrieval tasks, for example as se-
mantic representations in scientific, engineering,
or agentic systems that require reasoning about
quantities and measurements. Taken together, our
findings provide further evidence for the conclu-
sion of Fodor et al. (2025) that “state-of-the-art
transformers poorly capture the pattern of human
semantic similarity judgments” and agree with Sun
et al. (2026) who argue that embeddings should
capture implicit semantics.

8



Our evaluation through physical measurements
may thus provide an additional quality metric in
future model development, or a focused test of
whether an embedding model can produce represen-
tations with a deeper understanding of the content.
To conclude, we wish to emphasize what Thawani
et al. (2021) say: In NLP, “numbers are important”,
and “numbers are neglected”; Our work provides
evidence that numbers, and, more broadly, physi-
cal measurements, are misaligned in contrastively
trained text representation models.
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A Appendix

A.1 Embedding Models

We evaluate 24 embedding models. Table 5 lists
their Hugging Face identifiers. We group them into
four families by backbone and training approach.

Sentence-Transformers baselines. all-mpnet-
base-v2 and all-MiniLM-L6-v2 are English
models from the Sentence-Transformers library
(Reimers and Gurevych, 2019). They are based
on MPNet (Song et al., 2020) and MiniLM (Wang
et al., 2020) and are fine-tuned on a large collection
of sentence pairs. Both are widely used and serve
as classic baselines. We also include two multilin-
gual models that are distributed through the same li-
brary. paraphrase-multilingual-mpnet-base-
v2 is trained with knowledge distillation: a mul-
tilingual student model learns to place a sentence
and its translation at the same position as an En-
glish teacher model (Reimers and Gurevych, 2020).
LaBSE is a multilingual BERT model trained on
translation pairs, originally for finding parallel sen-
tences (Feng et al., 2022).

Contrastive BERT-style encoders. Most mod-
els in our set follow a similar recipe: a
BERT-like encoder is trained contrastively on
large amounts of weakly paired text and then
fine-tuned on labeled data. This group in-
cludes e5-large-v2 (Wang et al., 2022) and
its multilingual versions multilingual-e5-base,
multilingual-e5-large, and multilingual-
e5-large-instruct, where the last one takes
a task instruction as part of the input (Wang
et al., 2024). It further includes bge-large-
en-v1.5 (Xiao et al., 2024) and its multilingual
successor bge-m3 (Chen et al., 2024); mxbai-
embed-large-v1 (Lee et al., 2024), which is
trained with the AnglE objective (Li and Li,
2024); and the first release of the multilingual
Granite embedding models (granite-embedding-
107m-multilingual and granite-embedding-
278m-multilingual), which are based on XLM-
RoBERTa (Awasthy et al., 2025). The model
nomic-embed-text-v1.5 (Nussbaum et al., 2025)

also belongs to this group, but uses a modified
BERT architecture that supports long inputs.

ModernBERT-based encoders. Several
recent encoders are built on ModernBERT
(Warner et al., 2025), an updated BERT ar-
chitecture with a longer context window.
These are granite-embedding-english-r2
(Awasthy et al., 2025), the multilingual
granite-embedding-97m-multilingual-r2
and granite-embedding-311m-multilingual-
r2 (Awasthy et al., 2026), and DenseOn (Sourty
et al., 2026), an English retrieval model trained on
openly released data.

Models derived from LLMs. The last group
starts from pre-trained decoder language models.
Qwen3-Embedding (Zhang et al., 2025) is built on
the Qwen3 LLMs. To test the effect of model size
in a focused way, we include the 0.6B, 4B, and 8B
variants. harrier-oss-v1 (Huang et al., 2026)
is a multilingual decoder-only model family from
Microsoft. The two variants we use (harrier-
oss-v1-270m and harrier-oss-v1-0.6b, based
on the Gemma 3 and Qwen3 architectures, respec-
tively) are trained contrastively and with knowl-
edge distillation from larger embedding models.
The model embeddinggemma-300m (Vera et al.,
2025) is also based on Gemma 3, but it first turns
the LLM into an encoder-decoder model and then
uses only the encoder. It therefore reads the input
text in both directions, like the BERT-style models
above.

A.2 Measure Plots
A.3 Conversion Plots
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Model Measure plot Conversion plot

Sentence-Transformers baselines
sentence-transformers/all-mpnet-base-v2 Section 4 Section 5
sentence-transformers/all-MiniLM-L6-v2 Figure 4 Figure 26
sentence-transformers/paraphrase-multilingual-mpnet-base-v2 Figure 5 Figure 27
sentence-transformers/LaBSE Figure 6 Figure 28

Contrastive BERT-style encoders
intfloat/e5-large-v2 Figure 7 Figure 29
intfloat/multilingual-e5-base Figure 8 Figure 30
intfloat/multilingual-e5-large Figure 9 Figure 31
intfloat/multilingual-e5-large-instruct Figure 10 Figure 32
BAAI/bge-large-en-v1.5 Figure 11 Figure 33
BAAI/bge-m3 Figure 12 Figure 34
mixedbread-ai/mxbai-embed-large-v1 Figure 13 Figure 35
ibm-granite/granite-embedding-107m-multilingual Figure 14 Figure 36
ibm-granite/granite-embedding-278m-multilingual Figure 15 Figure 37
nomic-ai/nomic-embed-text-v1.5 Figure 16 Figure 38

ModernBERT-based encoders
ibm-granite/granite-embedding-english-r2 Figure 17 Figure 39
ibm-granite/granite-embedding-97m-multilingual-r2 Figure 18 Figure 40
ibm-granite/granite-embedding-311m-multilingual-r2 Figure 19 Figure 41
lightonai/DenseOn Figure 20 Figure 42

Models derived from LLMs
Qwen/Qwen3-Embedding-0.6B Section 4 Section 5
Qwen/Qwen3-Embedding-4B Figure 21 Figure 43
Qwen/Qwen3-Embedding-8B Figure 22 Figure 44
microsoft/harrier-oss-v1-270m Figure 23 Figure 45
microsoft/harrier-oss-v1-0.6b Figure 24 Figure 46
google/embeddinggemma-300m Figure 25 Figure 47

Table 5: Hugging Face identifiers of all evaluated models, grouped as in the text, with links to their measurement
and conversion plots.
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Figure 4: all-MiniLM-L6-v2. For more information see caption in Figure 2.
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Figure 5: paraphrase-multilingual-mpnet-base-v2. For more information see caption in Figure 2.
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Figure 6: LaBSE. For more information see caption in Figure 2.
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Figure 7: e5-large-v2. For more information see caption in Figure 2.
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Figure 8: multilingual-e5-base. For more information see caption in Figure 2.
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Figure 9: multilingual-e5-large. For more information see caption in Figure 2.
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Figure 10: multilingual-e5-large-instruct. For more information see caption in Figure 2.
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Figure 11: bge-large-en-v1.5. For more information see caption in Figure 2.
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Figure 12: bge-m3. For more information see caption in Figure 2.

meter

Local Medium Log Sign Scientific

0 1 2 3 4 5 6 7 8 9 10 10
0

zero
one
two

three
four
five
six

seven
eight
nine
ten

one-hundred
Digits  Words

kilogram

0 1 2 3 4 5 6 7 8 9 10 10
0

zero
one
two

three
four
five
six

seven
eight
nine
ten

one-hundred

liter

0 1 2 3 4 5 6 7 8 9 10 10
0

zero
one
two

three
four
five
six

seven
eight
nine
ten

one-hundred

0

2.
5 5

7.
5 10

second

0

25
0

50
0

75
0

10
00 1 18 31
6

56
23

10
00

00
-1

00 -5
0 0 50 10
0

1e
-0

6

1e
-0

3

1e
+0

0

1e
+0

3

1e
+0

6 0 1 2 3 4 5 6 7 8 9 10 10
0

zero
one
two

three
four
five
six

seven
eight
nine
ten

one-hundred

Figure 13: mxbai-embed-large-v1. For more information see caption in Figure 2.
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Figure 14: granite-embedding-107m-multilingual. For more information see caption in Figure 2.
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Figure 15: granite-embedding-278m-multilingual. For more information see caption in Figure 2.
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Figure 16: nomic-embed-text-v1.5. For more information see caption in Figure 2.
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Figure 17: granite-embedding-english-r2. For more information see caption in Figure 2.
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Figure 18: granite-embedding-97m-multilingual-r2. For more information see caption in Figure 2.
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Figure 19: granite-embedding-311m-multilingual-r2. For more information see caption in Figure 2.
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Figure 20: DenseOn. For more information see caption in Figure 2.
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Figure 21: Qwen3-Embedding-4B. For more information see caption in Figure 2.
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Figure 22: Qwen3-Embedding-8B. For more information see caption in Figure 2.
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Figure 23: harrier-oss-v1-270m. For more information see caption in Figure 2.
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Figure 24: harrier-oss-v1-0.6b. For more information see caption in Figure 2.
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Figure 25: embeddinggemma-300m. For more information see caption in Figure 2.
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Figure 26: all-MiniLM-L6-v2. For more information
see caption in Figure 3.
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Figure 27: paraphrase-multilingual-mpnet-base-v2.
For more information see caption in Figure 3.

10 1 101 103

Physical value

0.4
0.5
0.6
0.7
0.8
0.9
1.0

Co
sin

e 
sim

ila
rit

y

Length
meter  centimeter
meter  millimeter
meter  kilometer

10 1 101 103

Physical value

0.4
0.5
0.6
0.7
0.8
0.9
1.0

Co
sin

e 
sim

ila
rit

y

Mass
kilogram  gram
gram  milligram
kilogram  ton

10 1 101 103

Physical value

0.4
0.5
0.6
0.7
0.8
0.9
1.0

Co
sin

e 
sim

ila
rit

y

Volume
liter  milliliter
liter  gallon

10 1 101 103

Physical value

0.4
0.5
0.6
0.7
0.8
0.9
1.0

Co
sin

e 
sim

ila
rit

y

Time
second  millisecond
minute  second
hour  minute

Figure 28: LaBSE. For more information see caption in
Figure 3.
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Figure 29: e5-large-v2. For more information see
caption in Figure 3.
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Figure 30: multilingual-e5-base. For more infor-
mation see caption in Figure 3.
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Figure 31: multilingual-e5-large. For more infor-
mation see caption in Figure 3.
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Figure 32: multilingual-e5-large-instruct. For
more information see caption in Figure 3.
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Figure 33: bge-large-en-v1.5. For more information
see caption in Figure 3.
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Figure 34: bge-m3. For more information see caption
in Figure 3.
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Figure 35: mxbai-embed-large-v1. For more infor-
mation see caption in Figure 3.
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Figure 36: granite-embedding-107m-multilingual.
For more information see caption in Figure 3.
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Figure 37: granite-embedding-278m-multilingual.
For more information see caption in Figure 3.
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Figure 38: nomic-embed-text-v1.5. For more infor-
mation see caption in Figure 3.
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Figure 39: granite-embedding-english-r2. For
more information see caption in Figure 3.

10 1 101 103

Physical value

0.4
0.5
0.6
0.7
0.8
0.9
1.0

Co
sin

e 
sim

ila
rit

y

Length
meter  centimeter
meter  millimeter
meter  kilometer

10 1 101 103

Physical value

0.4
0.5
0.6
0.7
0.8
0.9
1.0

Co
sin

e 
sim

ila
rit

y

Mass
kilogram  gram
gram  milligram
kilogram  ton

10 1 101 103

Physical value

0.4
0.5
0.6
0.7
0.8
0.9
1.0

Co
sin

e 
sim

ila
rit

y

Volume
liter  milliliter
liter  gallon

10 1 101 103

Physical value

0.4
0.5
0.6
0.7
0.8
0.9
1.0

Co
sin

e 
sim

ila
rit

y

Time
second  millisecond
minute  second
hour  minute

Figure 40: granite-embedding-97m-multilingual-r2.
For more information see caption in Figure 3.
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Figure 41: granite-embedding-311m-multilingual-r2.
For more information see caption in Figure 3.
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Figure 42: DenseOn. For more information see caption
in Figure 3.
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Figure 43: Qwen3-Embedding-4B. For more informa-
tion see caption in Figure 3.
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Figure 44: Qwen3-Embedding-8B. For more informa-
tion see caption in Figure 3.
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Figure 45: harrier-oss-v1-270m. For more informa-
tion see caption in Figure 3.
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Figure 46: harrier-oss-v1-0.6b. For more informa-
tion see caption in Figure 3.
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Figure 47: embeddinggemma-300m. For more informa-
tion see caption in Figure 3.
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