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Abstract

We evaluate how well large language model embeddings rep-
resent continuous numerical values across different preci-
sions and ranges. Using linear models and principal compo-
nent analysis on models from major providers, we show that
while embeddings can reconstruct numbers with high fidelity
(R? > 0.95), they introduce substantial noise, with principal
components explaining less than 40% of embedding variance.
Performance degrades with increasing decimal precision and
mixed-sign values, revealing fundamental limitations in how
these models encode numerical information.

Code — https://github.com/alexodavies/LanguageNumbers

Introduction

Large Language Models (LLMs), trained on internet-wide
data, demonstrate some ability to manipulate numbers and
perform arithmetic operations. They are deployed in safety-
critical scenarios requiring mathematical reasoning, such as
accounting (Yoo 2024), medical calculations (Khandekar
et al. 2024), and radiotherapy planning (Wang et al. 2025).
These deployments pose serious concerns, emphasizing the
need to investigate how LLMs represent numbers. Recent
findings have underlined representational space as critical
for arithmetic (Zhu, Dai, and Sui 2024). Current literature
focuses heavily on integers within specific arithmetic tasks
(Kantamneni and Tegmark 2025), finding that numbers are
encoded using per-digit circular representations and trigono-
metric algorithms. While these studies reveal complex geo-
metric structures, they leave a fundamental question unan-
swered: do embedding models actually embed continuous
values continuously?

Rather than decoding specific geometric structures, we
propose metrics (linear R?, PCA correlation, explained vari-
ance) that directly quantify how well embeddings capture
the one-dimensional nature of scalar values. Our finding that
explained variance is consistently low reveals that complex
representations identified in other studies hinder the ability
to represent continuous spaces.
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Figure 1: Framework for measuring numerical embeddings.

Metrics and Experiments

Consider a scalar z € R embedded as # € R¢. For perfect
continuous representations, we expect three properties:

Linear Reconstruction Numbers should be reconstructible
via linear models:

corr(X’, X) ~ 1, where X' = lin(X) (1)

PCA Direction The primary variation direction should
align with numerical ordering:

|corr(PCAg, X)| ~ 1 ()
Explained Variance Given Rank(X) = 1, the first compo-
nent should explain all variance:

Ao
= =1
Zi:O Ai

We evaluate three datasets with increasing precision or
magnitude: (A) positive decimals x € [0, 1] with 1 through
20 decimal places, (B) mixed-sign decimals x € [—1,1]
with same precisions, and (C) mixed-sign integers with in-
creasing magnitudes up to 10%°. With these datasets we test
the ‘flagship’ embedding models from three providers: Ope-
nAl, Google, and Voyage Al

Models maintain R > 0.95 for positive decimals, con-
firming numerical information preservation. However, per-
formance degrades significantly with mixed-sign values and
higher precision. OpenAl models show sensitivity to deci-
mal precision when negative numbers are included.

For positive integers, embeddings show reasonable nu-
merical ordering in the first component, though the second
introduces systematic variation unrelated to magnitude (see
Figure 3). For mixed-sign integers, the first principal compo-
nent encodes sign rather than continuous values, relegating
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Figure 2: Precision or magnitude plotted against the ex-
plained variance ratio of the first principal component.

magnitude to secondary components. Explained variance ra-
tios are consistently low. Even for simple positive decimals,
the first principal component explains at most 40% of to-
tal variance, indicating the majority of principle components
capture information orthogonal to numerical content. Perfor-
mance degrades further with decimal precision, mixed signs
and magnitude. The multi-dimensional patterns identified in
other works (Kantamneni and Tegmark 2025) therefore act
as noise in representing continuous values.

Provider Linear R PCA R®>  PCA Variance
+ Decimals

Google 0.96-1.00  0.04-0.83 0.03-0.20
OpenAl 0.96-1.00  0.46-0.85 0.03-0.17
Voyage 1.00-1.00  0.92-0.97 0.25-0.29
+ Decimals

Google 0.94-1.00 0.01-0.82 0.03-0.14
OpenAl 0.93-1.00 0.72-0.79 0.15-0.23
Voyage 0.99-1.00  0.73-0.80 0.32-0.40
=+ Integers

Google 0.48-0.99  -0.03-0.72 0.02-0.10
OpenAl 0.91-1.00  0.69-0.84 0.10-0.19
Voyage 0.95-1.00  0.73-0.83 0.28-0.44

Table 1: Performance metrics across datasets (Min-Max)

Our results reveal a fundamental trade-off in current em-
bedding models: while numerical information is preserved
sufficiently for linear reconstruction, embeddings introduce
substantial noise that obscures numerical structure. The find-
ing that mixed-sign representations encode sign in the first
principal component is particularly concerning, with mod-
els representing numbers in terms of signs and values, in-
stead of one continuous space. This leads us to several
practical implications: 1. Rounding numbers to fewer deci-
mal places may improve downstream numerical task perfor-
mance 2. Applications involving both positive and negative
values should expect degraded embedding quality 3. Current
embedding models may not be optimal for applications re-
quiring precise numerical relationships.
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Figure 3: PCA; and PCA; for x € [0, 1k] and = € [—1k, 1k].
Colour indicates integer value, red lower, blue higher.

Conclusion

While embedding models can preserve numerical informa-
tion for reconstruction, they fail to represent numbers as
truly continuous values. The majority of embedding dimen-
sions encode information unrelated to numerical content,
and the sign of a number is a separate feature.

Our lightweight framework provides a foundation for
evaluating numerical representations in embedding models,
addressing a critical gap between complex geometric struc-
tures identified in prior work and the fundamental require-
ment for continuous numerical understanding. Future work
should focus on specialized architectures that better isolate
numerical information from other sources of variation.
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