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Abstract

Large language models exhibit compressed, non-
uniform internal representations of numerical
magnitude, but the pretraining factors associated
with this geometry remain unclear. We study
whether corpus-level integer statistics are related
to the learned number-line geometry of these mod-
els. For four documented pretraining corpora, we
count integers in [0 : 10,000] and fit a magnitude-
frequency power law, count(N) ∝ Nα, where
more negative α indicates steeper decay and less
exposure to large magnitudes. For nine corre-
sponding base models, we extract hidden states
for numerical prompts, project them onto a one-
dimensional number line with PCA, and esti-
mate a scaling factor β, where smaller β indi-
cates stronger compression. We first show that
β is behaviorally meaningful: models with less
compressed number-line geometry achieve higher
likelihood-based number-comparison accuracy.
We then find that flatter integer-frequency dis-
tributions, corresponding to less negative α, are
associated with larger β, providing correlational
evidence that pretraining integer statistics are re-
flected in LLM number representations.

1. Introduction
Numerical reasoning remains an important challenge for
Large Language Models (LLMs), since mathematical tasks
often depend on how models internally represent, compare,
and manipulate numbers. This makes it important to un-
derstand whether numerical values are encoded internally
along an implicit number line that may shape reasoning on
mathematical tasks.
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Figure 1. Compression factor β vs. 0-shot numerical comparison
accuracy. Each point is a model; larger β means less compressed
representations and tends to be associated with higher accuracy,
with positive correlation (ρs = 0.84). Prompt examples show the
comparison format; see Section 4 for details.

The linear representation hypothesis (Park et al., 2024) states
that high-level concepts are represented internally in LLMs
as approximately linear directions or subspaces, motivat-
ing the question of whether numerical magnitude is also
organized in a simple linear way inside models. Supporting
this possibility, Zhu et al. (2025) showed that numerical val-
ues can be recovered from LLM hidden states using linear
probes. However, being linearly recoverable does not mean
that the internal number line is uniformly spaced. Recent
findings suggest that LLMs encode numerical magnitude in
a compressed, non-linear manner, similar to the logarithmic
mental number line observed in human numerical cogni-
tion (Shah et al., 2023; AlquBoj et al., 2025). More specif-
ically, AlquBoj et al. (2025) showed that internal number
representations in LLMs are not uniformly spaced; rather,
the spacing changes as numerical magnitude increases. They
quantify this compression using the Scaling Rate Index β.
(Smaller β means stronger logarithmic-like compression.)

While prior work identifies compressed number-line geome-
try in LLMs, two questions remain open: 1- What drives
different compression rates across models. 2- Whether
this geometry has practical relevance for numerical rea-
soning. We address the latter by relating β to model per-
formance on simple multiple-choice numerical reasoning
questions. We find that models with larger β (less com-
pressed and more evenly spaced internal number line), tend
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to achieve higher accuracy, providing evidence that number-
line geometry is related to numerical reasoning ability.

To answer what factors shape β across models, we in-
vestigate pre-training number frequency as one possible
factor. This motivation is inspired by human numerical
development, where exposure and formal training affect
number-line judgments, and by recent evidence that pre-
training frequency influences representation geometry in
LLMs (Merullo et al., 2025). To test this hypothesis,
we connect corpus-level number statistics to model-level
representation geometry: we estimate the frequency de-
cay term α from integer counts in pre-training data using
fcount(N) ∝ Nα, and compare it with the number-line
compression factor β, estimated from one-dimensional pro-
jections of hidden-state number representations. Across
nine LLMs trained on known datasets, we find a positive
correlation between α and β: sharper frequency decay in
the data, i.e. more negative α, is associated with stronger
internal number-line compression, i.e. smaller β.

In short, we summarize our contributions as follows:

• We identify an empirical trend showing that LLM ac-
curacy on numerical reasoning tasks increases as the
number-line compression factor β increases.

• We extract empirical frequency distributions of inte-
gers x ∈ [0, 10000] from four distinct open-source
pretraining datasets and fit a power-law model based
on magnitude, introducing the decay term α, where
more negative values indicate that the integer frequency
decreases more rapidly with numerical value.

• We study 9 LLMs trained only on their pretraining cor-
pus and find a positive correlation between β and α,
providing evidence that the integer-frequency distribu-
tion is related to the geometry of internal representation
of numbers.

2. Related Work
Many previous studies have explored whether language
models can understand and reason about numbers. Early
work on numeracy in LLMs showed that while models can
capture some numerical information, they still struggle with
arithmetic reasoning (Spithourakis & Riedel, 2018; Wallace
et al., 2019). More recent work has shown that LLMs ex-
hibit human-like numerical-comparison effects, suggesting
that they may capture behavioral patterns of numerical mag-
nitude similar to human numerical cognition (Shah et al.,
2023). Closely related to our motivation, Razeghi et al.
(2022) showed that LLMs perform better on numerical rea-
soning tasks when relevant terms occur more frequently in
pretraining data, suggesting that numerical ability may be
influenced by the distribution of numbers during pretraining.

Beyond task-based performance, other works have studied
how numerical values are represented in the hidden layers
of LLMs. Some studies show that internally encoded num-
ber values can be recovered from hidden states using linear
probes (Zhu et al., 2025), but this does not mean that the
internal number line is uniformly spaced. Recent studies
also show that LLMs may represent numbers using base-10
patterns and string-like information, rather than treating all
numbers as pure numerical magnitude (Levy & Geva, 2025;
Marjieh et al., 2025). Most closely related to our work,
AlquBoj et al. (2025) showed that LLMs encode numeri-
cal representations in a compressed, non-uniform manner,
quantified using the Scaling Rate Index β. In parallel, work
on pre-training frequency suggests that corpus statistics can
shape LLMs’ internal representations (Merullo et al., 2025).

Inspired by these directions, we study whether integer dis-
tributions in pretraining datasets are related to compressed
number-line geometry. Since natural language datasets are
highly non-uniform and often follow Zipf-like patterns (Zipf,
1949; Newman, 2005), it is natural to expect number fre-
quencies to follow a similar heavy-tailed structure. However,
classical Zipf’s law studies frequency as a function of rank,
while our question requires studying frequency as a function
of the numerical magnitude. Therefore, instead of fitting the
classical Zipf rank-frequency law, we fit a magnitude-based
power law and estimate the decay term α, which captures
how rapidly number frequency decreases as numerical mag-
nitude increases (Clauset et al., 2009). We then investigate
the relationship between α and the compression factor β.

3. Background
Previous work has introduced approaches to evaluate com-
pression rate and analyze numerical representations in
LLMs using dimensionality reduction techniques and lin-
ear probing (AlquBoj et al., 2025). The broader idea is
investigating whether LLMs encode the number-line in an
intuition similar to humans–logarithmic, sublogarithmic,
and super-logarithmic.

The investigation starts by analyzing hidden representations
across model layers. Each input number x is associated with
an internal representation f(x) ∈ Rd. To examine whether
numerical values align along an implicit number-line, we
project these hidden representations onto a one-dimensional
space using PCA, T : Rd → R, and denote the projected
representation as

fLLM(x) := T (f(x)). (1)

This one-dimensional projection allows us to analyze the
geometric structure of numerical magnitudes, including
whether the representation preserves numerical order and
whether the spacing is uniform or compressed. Distances
between projected representations can be measured using
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Euclidean distance, while order preservation is measured
using the absolute Spearman rank correlation |ρ|, treating
both increasing and decreasing monotonic directions inter-
changeably.

To quantify number-line compression, following AlquBoj
et al. (2025), we consider inputs of the form xi = 10i

and define yi = fLLM(xi). We then examine how the
differences between consecutive representations evolve:

yi+1 − yi = A · βi. (2)

The scaling parameter β is fitted to the observed differences
by minimizing the least-squares objective:

min
A,β

n∑
i=1

(
(yi+1 − yi)−Aβi

)2
. (3)

This objective models how the spacing between numerical
representations changes across orders of magnitude. Since
xi = 10i, the index i corresponds to the logarithmic scale
of the input. Therefore,

βi = βlog10(xi) = x
log10(β)
i . (4)

This gives an intuitive interpretation of different scaling
regimes. If β = 1, the differences remain approximately
constant across powers of ten, producing logarithmic behav-
ior. If β < 1, the differences decrease with magnitude, indi-
cating sub-logarithmic compression where larger numbers
become increasingly packed. If 1 < β < 10, the mapping
grows faster than logarithmic but slower than linear, cor-
responding to super-logarithmic but sublinear behavior. If
β = 10, then

βi = 10i = xi,

which gives a linear mapping. Finally, if β > 10, the growth
becomes faster than linear, indicating superlinear behavior
where distances between larger numbers expand at an in-
creasing rate. Thus, smaller β means stronger compression,
while larger β means a less compressed or more expanded
internal number-line.

4. LLMs Numerical Reasoning Ability and β

Following up on LLMs conceiving of the number-line, we
evaluate whether the compression factor β is related to their
ability to compare numerical magnitudes. The prompts are
comparison-based: given two numbers {a, b}, the model se-
lects either min{a, b} or max{a, b}, depending on whether
the query asks for the smaller or larger value. This directly
evaluates whether number-line encoding impacts numer-
ical reasoning. Intuitively, if the internal number-line is
more compressed, comparing larger numbers should be-
come harder as their representations become closer.

To test this, we construct a synthetic pairwise number-
comparison dataset designed to control for numerical mag-
nitude, absolute gap size, answer position, and query
direction. Firstly, we partition comparison pairs into
four magnitude regimes corresponding to powers of ten:
G1 = [10, 99], G2 = [100, 999], G3 = [1000, 9999], and
G4 = [10000, 99999]. Within each group, we generate
fixed-gap pairs (a, b) = (n, n + d) with two gap regimes:
SGsmall_gap : d ∈ {1, 2, 3, 4, 5} and MGmedium_gap :
d ∈ {6, 7, 8, 9, 10}.

For each group and gap value, we sample 32 starting values
using a fixed random seed, include both input orderings
(a, b) and (b, a), and use both prompt directions ("larger"
and "smaller") to prevent positional or heuristic biases. We
evaluate each model in 0 – 4 shot settings using multiple
exemplar sets, giving 15,360 comparisons per model-shot
condition. We report the main 0-shot results in Figure 1,
and provide the 1–4 shot results in Section E.3.

The evaluation was carried out on the 9 open-source lan-
guage models summarized in Table 1. For the few-shot com-
parison analysis, we also include GPT-Neo-125M (Black
et al., 2021), OPT-1.3B, OPT-2.7B (Zhang et al., 2022),
Cerebras-GPT-2.7B, and Cerebras-GPT-6.7B (Dey et al.,
2023); these models are not included in the pretraining cor-
pus analysis because their exact pretraining datasets are not
available in the same directly matched form.

Rather than relying on free-form generation, we adopt a
likelihood evaluation. Given a prompt q and two candidate
outputs ca and cb, we compute the length-normalized log-
likelihood and select the candidate with the highest score:

s(c|q) = 1

|c|

|c|∑
t=1

log p(ct|q, c<t)

ĉ = arg max
c∈{ca,cb}

s(c|q).
(5)

This ensures that the evaluation reflects the model’s internal
preference between numerical magnitudes and not decoding
artifacts. We observe a strong positive correlation between
model performance and β across shot settings: models with
larger β consistently achieve higher comparison accuracy,
indicating that less compressed numerical representations
correspond to better discrimination between numerical mag-
nitudes. This motivates us to study what factors give rise
to different β values, and whether pre-training number fre-
quency is one such factor.

5. Power-Law Structure of Pretraining Data
To understand the underlying influence of the training
dataset on the compression rate of number-lines, access
to the pretraining datasets of the models was crucial. There-
fore, we selected 9 open-source base models trained on 4
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distinct publicly accessible pretraining datasets, summarized
in Table 1. These models were trained only on their respec-
tive datasets and were not finetuned, instruction-tuned, or
enhanced with additional reasoning methods, reducing the
possibility that β was altered by unexplainable factors while
studying its correlation with the power-law exponent α.

Datasets Models Desc

Falcon-RefinedWeb
(Penedo et al., 2023)

falcon-rw-7b Filtered web pages
from CommonCrawlfalcon-rw-1b

RedPajama-Data-1T
(Weber et al., 2024)

RedPajama-INCITE-Base-3B-v1 Mixed text corpus with web,
books, Wikipedia, and codeRedPajama-INCITE-7B-Base

Dolma
(Soldaini et al., 2024)

OLMo-7B Large open corpus with web,
books, papers, wiki, and codeOLMo-7B-Twin-2T

(Groeneveld et al., 2024)

The Stack
(Kocetkov et al., 2023)

starcoderbase-1b Programming code dataset
from public repositories

starcoderbase-3b
starcoderbase-7b
(Li et al., 2023)

Table 1. Pre-training datasets and model families. All models are
open-source and trained exclusively on their respective datasets.

5.1. Integer-Frequency Analysis of Pretraining Corpora

To test whether corpus statistics may explain the geometry
of learned number representations, we measure how often
integers occur in each pretraining corpus. For each dataset,
we perform a full pass over the text, count integer mentions
in the range 0 ≤ N ≤ 10000, extract digit strings corre-
sponding to non-negative integers, normalize each matched
integer to its numeric value, e.g., 001 becomes 1, and ag-
gregate the counts into count(N). This range matches the
numerical scale used in our representation analysis.

We model this empirical integer distribution as an ap-
proximately Zipfian power law with numerical magnitude,
count(N) ∝ Nα. Here, N denotes the integer value itself,
not the frequency rank. Thus, α is a magnitude-frequency
exponent, where smaller values of α (more negative values)
indicate that frequency decays more rapidly as numerical
magnitude increases. Equivalently, we estimate α by fitting
log count(N) = c+α logN+ϵN for integers with nonzero
counts. This exponent is used in our corpus-frequency hy-
pothesis because both α and the representation compression
factor β are defined with respect to numerical magnitude.

Dataset
Count Magnitude Fit

[0, 10) [10, 102) [102, 103) [103, 104] α R2

Stack v1.2 51.530 23.656 13.420 10.050 -1.18 0.91
Dolma v1.5 sample 18.879 11.297 4.701 5.725 -1.30 0.81
RedPajama-Data-1T 9.849 8.402 3.059 6.741 -1.40 0.68
Falcon RefinedWeb 4.633 4.017 1.426 2.222 -1.42 0.79

Table 2. Integer-frequency mass by magnitude bin, reported
in billions. Final columns show the fitted exponent α from
count(N) ∝ Nα and log-log fit R2; smaller α means steeper
decay with numerical magnitude.

5.2. Number-Line Geometry and Integer-Frequency

We next ask whether corpus-level integer statistics are re-
flected in model representations. For each model, we extract

hidden states for numerical inputs and compute PCA-based
number-line statistics, illustrated in Figure 2. Most models
exhibit a clear monotonic number-line structure: Falcon,
RedPajama, and OLMo models reach ρ ≈ 0.92–0.93, while
StarCoderBase models have slightly lower monotonicity but
much larger β (expanded spacing at larger magnitudes).
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Figure 2. 1-D PCA projections at the layer with highest explained
variance. T (x) is the projected hidden representation and the x-
axis is log10(x). The monotonic pattern shows an internal number-
line: ρ measures how well the projected order matches the true
numerical order, while β measures scaling, where smaller β means
stronger compression and larger β means more expanded spacing.

Comparing Table 2 and Figure 2, we observe a monotonic
corpus–model trend. Stack has the flattest integer-frequency
decay (α = −1.18) and its StarCoderBase models have the
largest mean β (6.85). Dolma is intermediate (α = −1.30,
β ≈ 1.6), while RedPajama and Falcon RefinedWeb have
steeper decay (α = −1.40,−1.42) and smaller β. Thus,
less negative α values correspond to larger β, supporting
the hypothesis that flatter numerical frequency distributions
are associated with less compressed number-line representa-
tions; The aggregate visualization is provided in Figure 7.

6. Conclusion & Limitations
We studied how LLM number-line geometry relates to
integer-frequency structure in pretraining data. Across
model families, numerical representations form a measur-
able internal number line whose spacing varies systemati-
cally: flatter integer-frequency decay corresponds to larger
β, while steeper decay corresponds to stronger compression.
The exponent α from count(N) ∝ Nα predicts variation in
learned number-line geometry, and our number-comparison
probe shows that less compressed representations are asso-
ciated with higher accuracy. At the same time, our analysis
depends on access to documented pretraining data; for ex-
ample, Falcon RefinedWeb serves as a proxy for Falcon’s
full training distribution.
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A. Overview of the Proposed Pipeline
Figure 3 summarizes the complete pipeline used in this work. First, we estimate the magnitude-frequency exponent α by
extracting integers from pretraining corpora, normalizing them, and fitting a magnitude-based power law to count(N).
Second, we estimate the compression factor β by extracting hidden representations from transformer layers, projecting
them with PCA, and analyzing spacing across numerical magnitudes. Finally, we compare corpus-level statistics α with
representation geometry β across the matched model families.

(A)	Data	Statistics	(α)

(B)	Representation	Geometry	(β)
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Figure 3. Overview of the proposed pipeline. (A) We estimate the magnitude-frequency exponent α by extracting integers from
pretraining corpora, normalizing them, and fitting a power law to count(N). (B) We obtain the compression factor β by extracting hidden
representations from transformer layers, projecting them via PCA, and analyzing spacing across numerical magnitudes. (C) We then
analyze the relationship between corpus-level statistics α and representation geometry β across models.

B. Logarithmic Mental Line Hypothesis
The logarithmic mental line hypothesis proposes that numerical magnitudes are not always represented with uniform spacing.
Instead, smaller numbers are represented with relatively larger separations, while larger numbers become increasingly
compressed. This produces an approximately logarithmic order of magnitude, where equal ratios are represented more
similarly than equal absolute differences. Such compression has been observed in human numerical cognition, especially in
approximate estimation and early numerical development, and provides a useful reference point for studying whether LLMs
organize numbers in a smaller geometric structure.

0 1 2 5 10 20 50 100

smaller numbers

larger numbers

Figure 4. Logarithmically compressed mental number line. Image source (Fritz et al., 2013).

C. Additional Corpus-Frequency Diagnostics
In addition to estimating α, we compare the empirical distribution to a Zipf’s law baseline:

q(N) =
(N + 1)−1∑10000
k=0 (k + 1)−1

.

We use N + 1 to ensure the distribution is defined at N = 0. Let

p(N) =
count(N)∑10000

k=0 count(k)
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be the normalized empirical distribution. To measure how different the empirical distribution is from this baseline, we
compute the KL divergence:

DKL(p ∥ q) =

10000∑
N=0

p(N) log
p(N)

q(N)
. (6)

This value serves as a secondary measure, indicating how closely the observed data follows a Zipf-like distribution.
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Figure 5. Empirical integer-frequency distributions for the pretraining datasets. The dashed curve shows the Zipf baseline q(N) ∝
(N + 1)−1, and DKL measures how far each empirical distribution deviates from this baseline.

Integer frequencies in natural text are not perfectly smooth and often exhibit systematic spikes due to round numbers, years,
dates, and culturally salient values. To characterize these deviations, we analyze round-number categories:

N ≡ 0 (mod 10), N ≡ 0 (mod 100).
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Figure 6. Integer-frequency distributions with round-number and year-like effects. Multiples of 10 and 100 show systematic spikes, with
additional peaks around values such as 2000 likely reflecting frequent year mentions.

D. Additional Representation-Geometry Diagnostics
The main paper visualizes the PCA number-line projections. Here, we report the full PCA-based numerical representation
analysis across models, including the selected layer, monotonicity score ρ, compression factor β, and explained variance σ2.
The selected layer is the layer with the highest explained variance for the one-dimensional PCA projection.

Aggregating the PCA scaling factors by matched corpus–model family gives the corpus-level relationship shown in Figure 7.
Less negative α values correspond to larger β, supporting the same trend discussed in the main paper: flatter integer-frequency
decay is associated with less compressed number-line geometry.
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Model Dataset
PCA

Layer ρ β σ2

Falcon-RW-1B
RefinedWeb

8 0.93± 0.01 0.61± 0.01 0.31± 0.00

Falcon-RW-7B 16 0.93± 0.01 0.75± 0.03 0.33± 0.01

INCITE-3B
RedPajama

16 0.93± 0.01 0.92± 0.06 0.39± 0.01

INCITE-7B 12 0.92± 0.01 0.86± 0.07 0.37± 0.01

OLMo-7B-2T
Dolma

20 0.92± 0.01 1.67± 0.23 0.49± 0.02

OLMo-7B-Twin-2T 13 0.92± 0.00 1.54± 0.12 0.50± 0.01

StarCoderBase-1B
Stack

10 0.82± 0.01 5.60± 2.86 0.37± 0.01

StarCoderBase-3B 16 0.81± 0.01 10.62± 6.07 0.37± 0.01

StarCoderBase-7B 20 0.85± 0.01 4.33± 1.10 0.37± 0.00

Table 3. PCA-based analysis of numerical representations across models, reporting the selected layer, monotonicity score ρ, compression
factor β, and explained variance σ2.
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Figure 7. Corpus exponent α vs. PCA scaling factor β. Counts are fit as C(N) ∝ Nα, where more negative α indicates faster
integer-frequency decay. Each point aggregates one matched corpus–model family.

E. Additional Details for the Number-Comparison Probe
This appendix provides additional details for the controlled number-comparison probe introduced in Section 4. The probe
measures whether a model assigns higher likelihood to the numerically correct candidate in a pairwise comparison, rather
than evaluating unrestricted mathematical generation.

E.1. Synthetic Task Construction

Each example contains two integers (a, b) and an instruction asking for either the larger or the smaller value. We generate
pairs as

(a, b) = (n, n+ d), (7)

where n is sampled from one of four magnitude groups and d is a fixed absolute gap. The magnitude groups are

G1 = [10, 99], G2 = [100, 999], G3 = [1000, 9999], G4 = [10000, 99999]. (8)

We use two gap regimes:
SG = {1, 2, 3, 4, 5}, MG = {6, 7, 8, 9, 10}. (9)
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For each magnitude group and exact gap, we sample 32 starting values with a fixed seed. We include both candidate
orderings, (a, b) and (b, a), and both query directions, “larger” and “smaller”, so the benchmark is balanced against positional
and lexical shortcuts.

E.2. Likelihood-Based Scoring

For a prompt q, the valid continuations are the two candidate numbers ca and cb. We score each candidate using length-
normalized log-likelihood:

s(c | q) = 1

|c|

|c|∑
t=1

log p(ct | q, c<t), (10)

where |c| is the number of tokens in the candidate continuation. The model prediction is

ĉ = arg max
c∈{ca,cb}

s(c | q). (11)

Accuracy is then

Acc =
1

M

M∑
j=1

I[ĉj = c⋆j ], (12)

with M = 15,360 examples per model-shot condition. This evaluation avoids sampling variance and measures the model’s
relative preference between the two numerical candidates.

E.3. Few-Shot Results

Shots ρs Pearson r R2 Mean Acc.

0 0.84 0.80 0.64 0.64
1 0.83 0.80 0.64 0.63
2 0.74 0.79 0.62 0.62
3 0.80 0.81 0.65 0.62
4 0.82 0.85 0.72 0.62

Table 4. Correlation between PCA scaling factor β and number-comparison accuracy across shot settings. Correlations are computed
across the 14 evaluated base models.
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Figure 8. Number-comparison accuracy versus PCA scaling factor β for 2-, 3-, and 4-shot settings. Each point is one model; the inset
zooms into the low-β region.

The positive Spearman correlations in Table 4 show that the β–accuracy relationship is not specific to the zero-shot prompt.
The relationship remains positive from 1-shot through 4-shot prompting, and the 2–4 shot panels in Figure 8 show the same
qualitative pattern as the main 0–1 shot figure.
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Model Family β Type 0-shot 1-shot 2-shot 3-shot 4-shot

Falcon-1B Falcon 0.61 baseline 0.519 0.530 0.524 0.521 0.520
Falcon-7B Falcon 0.75 baseline 0.633 0.647 0.683 0.720 0.697
RPJ-3B RedPajama 0.92 baseline 0.556 0.566 0.559 0.523 0.529
RPJ-7B RedPajama 0.86 baseline 0.528 0.599 0.580 0.565 0.545
OLMo-7B-2T OLMo 1.67 baseline 0.686 0.582 0.557 0.552 0.550
OLMo-7B-Twin-2T OLMo 1.54 baseline 0.694 0.614 0.609 0.596 0.585
SCB-1B StarCoderBase 5.60 baseline 0.737 0.676 0.663 0.713 0.741
SCB-3B StarCoderBase 10.62 baseline 0.897 0.922 0.926 0.947 0.982
SCB-7B StarCoderBase 4.33 baseline 0.974 0.991 0.991 0.996 0.996
CGPT-2.7B Cerebras-GPT 0.67 candidate 0.568 0.537 0.521 0.509 0.508
CGPT-6.7B Cerebras-GPT 0.69 candidate 0.599 0.542 0.539 0.535 0.519
Neo-125M GPT-Neo 0.50 candidate 0.500 0.502 0.503 0.503 0.503
OPT-1.3B OPT 0.56 candidate 0.541 0.554 0.515 0.504 0.508
OPT-2.7B OPT 0.41 candidate 0.534 0.566 0.561 0.530 0.533

Table 5. Per-model number-comparison accuracy across shot settings. Candidate models are included only in the behavioral comparison
because their exact pretraining corpora are not matched in the corpus-frequency analysis.

E.4. Interpretation of the Behavioral Probe

The number-comparison probe should be interpreted as a controlled preference test. Since both candidate answers are scored
directly, the result is not affected by stochastic decoding or by whether the model chooses to emit explanatory text. However,
it is still not a complete measure of mathematical reasoning: it tests pairwise numerical discrimination under a fixed prompt
format. The consistent positive relationship between β and accuracy in Tables 4 and 5 supports the main claim that less
compressed number-line geometry is associated with better numerical comparison behavior.
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Figure 9. Layer-wise monotonicity of numerical representations using PCA and PLS. The curves show the absolute Spearman correlation
|ρs| across layers, and the dotted vertical lines indicate the layer with the highest explained variance selected for extracting the final
representation.
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Figure 10. Layer-wise scaling factor β for PCA and PLS numerical projections. The curves show how the estimated number-line
compression factor varies across layers, and the dotted vertical lines mark the highest-explained-variance layer used to extract the final
representation.
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