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Abstract

Numerical precision is critical in financial NLP,
yet embedding-based semantic similarity met-
rics exhibit numerical blindness—failing to dis-
tinguish contradictory values within similar
contexts. We introduce NASH (Numerically
Aware Scoring Heuristic), a model-agnostic
metric that decouples numerical verification
from textual semantic evaluation through a
three-stage pipeline: (1) modal separation via
numeric masking, (2) dual-channel similar-
ity estimation through masked-text similar-
ity and context-aware numeric alignment, and
(3) IDF-weighted aggregation. NASH func-
tions as a drop-in enhancement to existing
embedding-based metrics. Validated on our
proposed NumFinE financial numerical evalua-
tion benchmark and established semantic simi-
larity datasets (STS-B, Financial-STS), NASH
achieves substantial improvements in numer-
ical sensitivity (up to +159.6% on listwise
ranking) while preserving general semantic per-
formance, establishing a reliable standard for
numeracy-aware evaluation.
1

1 Introduction

Reliable evaluation is the cornerstone of trustwor-
thy natural language generation (NLG). The rapid
adoption of large language models (LLMs) in high-
stakes domains—from financial reporting (Wu
et al., 2023; Yang et al., 2023) and medical summa-
rization (Singhal et al., 2023; Luo et al., 2022) to
analytical reasoning (Wei et al., 2022; Kojima et al.,
2022)—intensifies the need for rigorous metrics.
The research community has largely transitioned
from surface-level n-gram matching (BLEU (Pa-
pineni et al., 2002), ROUGE (Lin, 2004)) to-
ward embedding-based approaches, most notably
BERTScore (Zhang et al., 2020), BLEURT (Sellam

*These authors contributed equally.
1The evaluation code and benchmark datasets are available

at https://github.com/cnclabs/codes.fin.bertscore.

et al., 2020), and MoverScore (Zhao et al., 2019).
While these embedding-based approaches better
capture semantic similarity, they exhibit a critical
gap in numerical reasoning.

These semantic metrics suffer from a critical
limitation: numerical blindness. Driven by the
distributional hypothesis, language models map dis-
tinct numerical tokens (e.g., “1.0%” vs. “10%”)
to nearly identical vectors due to shared syntac-
tic contexts. Consequently, factually contradictory
statements receive near-perfect scores. For exam-
ple, BERTScore assigns a similarity of 0.9893 to
“The company reported earnings of $1 million” and
“The company reported earnings of $10 million,”
failing to distinguish the ten-fold difference in re-
ported value.

This systemic failure is obscured by evaluation
practices. Current benchmarks like STS-B (Cer
et al., 2017), the de facto standard for evaluating
semantic similarity, exemplify this issue. STS-
B employs subjective human annotations on a 5-
point Likert scale with minimal guidance on nu-
merical precision. Its correlation-based evaluation
captures holistic semantic resemblance rather than
axiomatic numerical accuracy, allowing metrics to
achieve high correlations while failing catastrophi-
cally on numerical reasoning.

This limitation is unacceptable in high-stakes do-
mains where numerical precision directly impacts
decision-making. In finance, the distinction be-
tween 4% and 5% GDP growth represents a funda-
mental shift in economic outlook with measurable
consequences for investment strategy and risk as-
sessment. We focus on financial text as our primary
evaluation domain due to its quantitative density
and reliance on precise numerical values. In this
context, even single-digit deviations can signal op-
posite market implications, making financial NLP
an ideal testbed for evaluating the numerical sensi-
tivity of semantic metrics.

To bridge this gap, we exploit a fundamental
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property of numerical tokens: unlike subjective vo-
cabulary, numbers possess objective magnitudes
that offer unambiguous ground truth for semantic
verification. We introduce NASH (Numerically
Aware Scoring Heuristic), a model-agnostic met-
ric designed to overcome numerical blindness in
embedding-based similarity assessment. NASH
functions as a drop-in enhancement to existing
metrics through a hybrid strategy: it decomposes
evaluation into separate contextual and numerical
components, computes magnitude-aware similarity
for numerical tokens, and integrates these signals
via IDF-weighted fusion. This approach preserves
semantic quality on standard benchmarks while
enforcing precise numerical alignment in quanti-
tative contexts. We validate NASH through sys-
tematic evaluation on both our proposed NumFinE
(Numerical Financial Evaluation), a proposed di-
agnostic benchmark, and existing general-domain
datasets. Our contributions are:
1. NASH, a model-agnostic enhancement that ad-

dresses numerical blindness through magnitude-
aware alignment.

2. NumFinE, a diagnostic benchmark for numeri-
cal blindness evaluation.

3. Validation showing NASH outperforms base-
lines on numerical reasoning without degrading
general performance.

2 Problem Analysis

2.1 Background: Embedding-based Metrics

State-of-the-art evaluation metrics rely on pre-
trained Transformers fθ to map sentences into con-
tinuous vector spaces. Given a reference sentence
s and a candidate ŝ, the model produces sequences
of contextualized embeddings: H = {hi}mi=1 =
fθ(s) and Ĥ = {ĥj}nj=1 = fθ(ŝ). Existing ap-
proaches leverage these representations through
two main paradigms:

Token-level matching. BERTScore (Zhang et al.,
2020) computes similarity via greedy alignment of
token embeddings in H and Ĥ . It calculates recall
(Rtoken) and precision (Ptoken) by matching each
token to its most similar counterpart:

Rtoken(s, ŝ) =

∑m
i=1 δi ·maxj cos(hi, ĥj)∑m

i=1 δi
,

Ptoken(s, ŝ) =

∑n
j=1 δ̂j ·maxi cos(ĥj ,hi)

∑n
j=1 δ̂j

,

where δi and δ̂j denote importance weights for ref-
erence and candidate tokens, respectively (e.g., in-
verse document frequency (IDF)), and Stoken(s, ŝ)
is their harmonic mean.

Sentence-level pooling. Bi-encoder models (e.g.,
SBERT (Reimers and Gurevych, 2019)) aggregate
the token representations into fixed-size vectors via
pooling: Ssent(s, ŝ) = cos(Pool(H),Pool(Ĥ)).
While efficient, this compression often averages
out fine-grained numerical details.

2.2 Numerical Blindness

While robust for general semantics, embedding-
based metrics fail in numeracy-sensitive contexts.
Consider three sentences:
• s1: “Revenue increased by 3.56%.”
• s2: “Revenue increased by 4%.”
• s3: “Revenue increased by 40%.”
Intuitively, s2 is closer to s1 than to s3 due to mag-
nitude proximity. However, BERTScore2 produces
the opposite ranking: sim(s1, s2) = 0.9639 <
sim(s2, s3) = 0.9764.

2.3 Root Causes

We identify two structural mechanisms underlying
this failure:

Tokenization fragmentation. Subword tokeniz-
ers fragment numbers into disjoint tokens, destroy-
ing magnitude information. The value “3.56” is
split into three tokens while “40” remains atomic:

s1 : [. . . , 3, ., 56, %, .]

s2 : [. . . , 4, %, .]

s3 : [. . . , 40, %, .]

This fragmentation prevents direct magnitude
comparison: embeddings for multi-token numbers
(e.g., “3.56” → [“3”, “.”, “56”]) cannot be system-
atically compared to single-token numbers (e.g.,
“40”), as token-level representations encode lexical
patterns rather than numerical semantics.

Contextual anisotropy. Even with aligned to-
kens, numerical embeddings are distorted by con-
text. We trace the layer-wise cosine similarity of
the numeral “4” in s2 against: (1) small deviation
(s1: 3.56%), (2) large deviation (s3: 40%), and (3)
identical value in different context (s4: “The tax

2Using the implementation from https://huggingface.
co/spaces/evaluate-metric/bertscore with default set-
tings.
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Figure 1: Layer-wise cosine similarity between the
anchor numeral “4” (from s2) and numerals in target
sentences.

rate is 4 percent this year.”). Multi-token numbers
use mean-pooling.

Figure 1 reveals a fundamental decoupling be-
tween numerical value and representation. In
identical contexts (s1, s3), embeddings converge
rapidly regardless of magnitude. Paradoxically,
in deeper layers, the contradictory “40” becomes
more similar to the anchor than the numerically
closer “3.56”, indicating that the model prioritizes
syntactic context over numerical content. Con-
versely, the identical token “4” in a shifted context
(s4) drifts apart, eventually ranking lower than nu-
merically distinct values. BERT representations
are dominated by contextual semantics, overriding
the objective identity of numbers.

This pattern demonstrates that Transformer rep-
resentations are structurally unsuited for numerical
evaluation. To address this, numerical similarity
must be computed directly from raw values before
contextual encoding distorts their magnitudes.

3 Methodology

To address the limitations identified in Section 2,
we propose NASH, a model-agnostic enhancement
that decouples numerical verification from textual
semantics. As illustrated in Figure 2, NASH op-
erates through a three-stage pipeline: (1) modal
separation via numeric masking, (2) dual-channel
similarity estimation through masked-text similar-
ity and context-aware numeric alignment, and (3)
IDF-based hybrid aggregation.

3.1 Modal Separation via Numeric Masking
Given a sentence pair (s, ŝ), NASH separates tex-
tual and numerical modalities to address the con-
textual anisotropy identified in Section 2.3, where
embeddings prioritize linguistic context over nu-

merical content. We employ a rule-based extrac-
tor to identify diverse numeric formats, includ-
ing integers, decimals, leading-dot decimals (e.g.,
.26), and values with financial suffixes (e.g., %,
bp, k/m/b). Each detected numeric mention is re-
placed with a special token [NUM], transforming,
for instance, “Revenue grows 15%” into “Revenue
grows [NUM]%”. We denote the resulting masked
sentence pair as (s∗, ŝ∗), representing the textual
modality isolated from numeric magnitudes.

3.2 Dual-Channel Similarity Estimation

NASH estimates semantic similarity through two
independent channels: textual similarity and
context-aware numerical similarity. Both channels
operate on the same input pair (s, ŝ) but capture
complementary semantic aspects.

3.2.1 Textual Similarity
To assess linguistic similarity independent of nu-
merical values, we compute similarity on the
masked sentence pair (s∗, ŝ∗). We use the
embedding-based approaches introduced in Sec-
tion 2.1 as backends. The textual similarity score
Stext is computed by applying the respective metric
to the masked inputs:

Stext(s, ŝ) = Sbase(s
∗, ŝ∗), (1)

where Sbase denotes any backend similarity metric
and the range of Stext is [−1, 1].3

3.2.2 Context-Aware Numeric Similarity
To explicitly model quantitative relations, we com-
pute numerical similarity on the original sentence
pair (s, ŝ). Our design is motivated by two key
insights: (1) numbers with similar contextual em-
beddings likely serve similar semantic roles (e.g.,
both represent growth rates), and (2) once seman-
tic roles are aligned, numerical deviation reflects
meaningful differences in magnitude. We therefore
employ a two-stage process: first, we use contex-
tual embeddings to align numbers serving com-
parable semantic functions; second, we apply a
precision-recall framework to compute magnitude
differences between aligned pairs while penalizing
missing alignments.

Contextual alignment. Let Vs and Vŝ denote the
sets of numeric mentions extracted from s and ŝ.
For each mention v ∈ Vs, we obtain its vector

3While theoretically unbounded in [−1, 1], empirical
scores for semantically plausible pairs seldom fall below zero.

22305



0.67
EPS was $10 in 2024, a 25% increase.

EPS rose 10% to $11

EPS was $[NUM] in [NUM], a [NUM]% increase.

EPS rose [NUM]% to $[NUM].

(1) Modal Separation via Numeric Masking (2) Dual-Channel Similarity Estimation

Textual Similarity

0.50 0.29 0.41

0.30 0.27

10

11

10 2024 25

Numeric Token Similarity Matrix

10%, $11

$10, 2024, 25%

Contextual Alignment

11        10

10        25

Magnitude-aware 
Precision-recall Scoring

Numeric Similarity

(3) IDF-Weighted Hybrid Aggregation

0.67

0.41

<latexit sha1_base64="naPv/Nh80ScXlD7R7C1+kkHExtQ=">AAAB/3icdVBNSwMxEM3Wr1q/qoIXL8EiVJBlt9pabwUveqtobaEtSzZN29AkuyRZoaw9+Fe8eFDEq3/Dm//GdLuCij4YeLw3w8w8P2RUacf5sDJz8wuLS9nl3Mrq2vpGfnPrRgWRxKSBAxbIlo8UYVSQhqaakVYoCeI+I01/dDb1m7dEKhqIaz0OSZejgaB9ipE2kpffufLijuRQRHxSVIedIdKxmhx4+YJjlx33tHIEHdtJkJCqW6pCN1UKIEXdy793egGOOBEaM6RU23VC3Y2R1BQzMsl1IkVChEdoQNqGCsSJ6sbJ/RO4b5Qe7AfSlNAwUb9PxIgrNea+6eRID9Vvbyr+5bUj3a92YyrCSBOBZ4v6EYM6gNMwYI9KgjUbG4KwpOZWiIdIIqxNZDkTwten8H9yU7Ldil2+PC7ULtI4smAX7IEicMEJqIFzUAcNgMEdeABP4Nm6tx6tF+t11pqx0plt8APW2yfbeZYM</latexit>

Snum(s, ŝ)
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+ (1� ↵) · Snum(s, ŝ)
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Ms!ŝ =
�
(v, u⇤) | v 2 Vs, cos(hv,hu⇤) � ⌧

 
Snum(s! ŝ) =
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Figure 2: Overview of the NASH pipeline. Given a sentence pair, NASH separates textual and numerical semantics
through a three-stage process. First, numeric tokens are masked to isolate the textual context, enabling pure semantic
similarity computation. Second, numbers are independently aligned using context-aware matching with threshold
gating, followed by magnitude-based similarity computation. Third, textual similarity (from masked sentences) and
numerical similarity are combined through IDF-weighted aggregation to produce the final score.

representation hv by averaging the corresponding
token embeddings. To ensure that comparisons
are restricted to semantically compatible contexts
(e.g., preventing alignment of year “2025” with
monetary value “2,025 USD”), we leverage contex-
tual semantics from token embeddings. We align
v to its closest compatible counterpart u∗ ∈ Vŝ by
maximizing cosine similarity:

u∗ = argmax
u∈Vŝ

cos(hv,hu).

A match (v, u∗) is valid only if similarity exceeds
the threshold τ . We define the directional match
set for s:

Ms→ŝ =
{
(v, u∗) | v ∈ Vs, cos(hv,hu∗) ≥ τ

}
.

Analogously, we define Mŝ→s for matches from ŝ
to s.

Magnitude-aware precision-recall scoring. To
compute sentence-level numerical similarity, we
aggregate pairwise scores bidirectionally using a
precision-recall framework. For each directional
match set Ms→ŝ, the score is defined as:

Snum(s→ ŝ) =
1

|Vs|
∑

(v,u)∈Ms→ŝ

(
1 +

d(v, u)

N (v, u)

)−1

,

where d(v, u) = |v − u| is the absolute mag-
nitude difference and N (u, v) is a scale-adaptive
normalization factor that adjusts to the magnitude
range of the aligned pair.4 By utilizing |Vs| as
the denominator, mentions that fail to align (i.e.,
v ∈ Vs but v /∈ Ms→ŝ) implicitly contribute
zero, penalizing low recall. The reverse score

4We use N (u, v) = 1 + 1
2
(|v|+ |u|) in this paper.

Snum(ŝ→ s) is computed analogously. The final
numerical similarity is their arithmetic mean:5

Snum(s, ŝ) =
1

2

(
Snum(s→ ŝ) + Snum(ŝ→s)

)
.

(2)

3.3 IDF-Weighted Hybrid Aggregation

To dynamically balance the textual and numerical
channels, we compute an IDF-weighted coefficient
α. We accumulate the IDF scores of tokens in
the mask pair (s∗, ŝ∗) into textual mass Wtext and
numeric mass Wnum (treating [NUM] as tokens):6

α(s, ŝ) =
Wtext

Wtext +Wnum
∈ [0, 1].

This mechanism grants higher importance to the nu-
meric channel (lower α) when numerical informa-
tion density increases. We integrate textual similar-
ity (Eq. 1) and numerical similarity (Eq. 2) through
a convex combination:

SNASH(s, ŝ) = αStext(s, ŝ) + (1− α)Snum(s, ŝ).
(3)

This formulation ensures robust performance:
when numeric information is absent (Wnum = 0 →
α = 1), NASH reduces to the textual baseline;
as numerical density increases, the score enforces
quantitative consistency.

4 NumFinE Construction

To systematically investigate numerical blindness,
we construct NumFinE, a diagnostic benchmark of

5Edge cases: if Vs = Vŝ = ∅, we set Snum = 1; if numeric
mentions exist in only one sentence, Snum = 0.

6IDF statistics are computed over a corpus of masked sen-
tences, treating each masked sentence as a document. Both
word tokens and the special token [NUM] are included in IDF
computation.
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9,227 authentic financial sentences with controlled
numerical perturbations. We extract sentences from
diverse financial corpora and systematically mod-
ify numerical values while preserving syntactic
structure, generating counterfactual pairs differing
solely in magnitude. This generates counterfac-
tual pairs differing solely in numerical magnitude,
ensuring that metric divergence reflects numerical
sensitivity rather than lexical or syntactic variation.

4.1 Data Sources
NumFinE draws from three complementary finan-
cial text sources to ensure broad domain cover-
age. Social media is represented by the FinNum1
dataset (Chen et al., 2018). Financial news is
sourced from Financial Phrasebank (Malo et al.,
2014), retaining only sentences with at least 50%
annotator agreement. Regulatory disclosures are
sampled from 10-K filings (fiscal years 2023–2024)
of 55 publicly traded companies: the five largest
by market capitalization in each of the eleven
GICS (Global Industry Classification Standard) sec-
tors. This stratified sampling ensures representa-
tion across industries, including technology, health-
care, finance, and energy. Together, these sources
yield 9,227 sentences containing diverse numerical
expressions—percentages, dollar amounts, dates,
and financial metrics—serving as the foundation
for controlled augmentation.

4.2 Numerical Augmentation
4.2.1 Numerical Extraction and

Categorization
We identify every numeral as a potential aug-
mentation target and categorize it according to
FinNum1’s taxonomy (Chen et al., 2018), which
distinguishes seven types: temporal expressions,
monetary values, percentages, quantities, product
numbers, indicators, and option values. For Fi-
nancial Phrasebank and 10-K sentences, categories
are automatically assigned using GPT-4o 7. Each
sentence containing at least one numeral becomes
a base sentence with target number t, where ν(t)
denotes the numerical value (e.g., ν(t) = 15 for
“15%” or “15M”).

4.2.2 Augmentation Strategy
To systematically test numerical sensitivity, we ap-
ply random augmentation approaches to modify
target numbers while preserving grammatical struc-
ture. Since base sentences may contain multiple

7Prompts provided in Appendix F.

target numbers, each modifiable through different
methods, we define an evaluation unit as a tuple:
(s, t, α), where s is a base sentence, t is a target
number in s, and α specifies the augmentation
types. Each evaluation unit produces k augmented
variants: (s, t, α) 7→ {s̃1, s̃2, . . . , s̃k}, where s̃i
results from applying augmentation α to t in s.

The augmentation perturbs each target number
within category-specific bounds to test metric sen-
sitivity to magnitude variation. For each base sen-
tence with a target number, we generate k = 9
variants by randomly increasing or decreasing ν(t)
(e.g., shifting percentages by ±10%, ±25%, ±50%,
±100%). This produces a spectrum of numerical
deviations from the original value. Detailed aug-
mentation ranges for each category appear in Ap-
pendix G.

4.3 Quality Assurance

To ensure augmented sentences remain grammat-
ically valid and semantically plausible, we em-
ploy GPT-4o-mini as an automatic validator.8 The
model evaluates each variant along two dimensions:
(1) temporal validity (whether dates and times fol-
low calendar conventions, e.g., no “February 31st”)
and (2) numerical plausibility (whether shifted
values remain contextually reasonable, e.g., not “a
500% profit margin”). GPT-4o-mini assigns each
variant a validity score in [0.0, 1.0]. We discard
evaluation units where more than 3 variants out
of 9 receive scores below 0.5, indicating systematic
augmentation issues. This filtering retains 75.66%
of augmentation units, resulting in 14,651 valid
units.9 Detailed statistics appear in Appendix D.

Having constructed a validated set of 14,651
evaluation units spanning seven numerical cate-
gories, we now describe how these units are used
to assess metric performance.

4.4 Evaluation Protocols

To assess metric sensitivity to numerical changes,
we employ two evaluation protocols: anchor-
based evaluation, which compares augmented
variants against their base sentence, and Cross-
Pair evaluation, which tests ranking consistency

8Prompts provided in Appendix F.
9To validate this automated process, we manually in-

spected 50 randomly sampled evaluation units. Human judges
agreed with GPT-4o-mini’s accept/reject decisions in 95%
of cases (48/50 evaluated units), confirming the reliability
of automated filtering. Detailed annotation instructions are
provided in Appendix H.
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Protocol # Units # Sentences

Anchor-based Evaluation
Triplet (each level) 14,651 43,953
Listwise ranking 14,651 146,510

Cross-Pair Evaluation
Cross-Pair 7,320 29,280

Table 1: Statistics of the NumFinE datasets.

across different sentence contexts. Table 1 summa-
rizes benchmark statistics.

4.4.1 Anchor-based Evaluation
Anchor-based evaluation tests whether metrics as-
sign higher similarity to numerically closer vari-
ants. Given a base sentence s with target number
t and its augmented variants {s̃i}ki=1 with modi-
fied values {t̃i}ki=1, we define numerical distance
as dν(s, s̃i) = |ν(t)− ν(t̃i)|.

Triplet evaluation. We evaluate whether a met-
ric correctly ranks the numerically closest variant
higher than a more distant one. Let {s̃(j)}kj=1 de-
note the variants sorted by ascending numerical
distance dν(s, s̃i). The task is to distinguish the
positive sample s̃+ = s̃(1) (closest) from a nega-
tive sample s̃− selected based on difficulty:
• Easy: s̃− = s̃(k) (farthest variant).
• Medium: s̃− = s̃(⌊k/2⌋) (median variant).
• Hard: s̃− = s̃(2), (second closest variant).
We report accuracy as the proportion of Triplets
where sim(s, s̃+) > sim(s, s̃−).

Listwise evaluation. We rank all k variants by
their similarity to s and compare this predicted
ranking against the gold ranking (variants sorted by
ascending numerical distance dν). Larger numeri-
cal deviations should yield lower similarity scores.
This measures the ability of similarity metrics to
perform fine-grained numerical comparisons across
multiple sentences. We measure ranking quality us-
ing Kendall’s τb correlation (Kendall, 1938), where
τb = 1 indicates perfect agreement, τb = 0 indi-
cates no correlation, and τb = −1 indicates com-
plete reversal.

4.4.2 Cross-Pair Evaluation
While anchor-based evaluation tests metrics within
a single sentence context, Cross-Pair evaluation
tests whether numerical distance relationships gen-
eralize across different sentences. This is more
challenging because metrics must maintain con-
sistent numerical sensitivity regardless of the sur-
rounding text.

We randomly sample two base sentences s and
s′ from the same numerical category, then indepen-
dently sample one augmented variant from each
to form pairs (s, s̃i) and (s′, s̃′j). The gold or-
dering is determined by numerical distance: if
dν(s, s̃i) < dν(s

′, s̃′j), then a metric should sat-
isfy sim(s, s̃i) > sim(s′, s̃′j): the pair with smaller
numerical deviation should receive higher similar-
ity. This tests whether metrics preserve correct
similarity orderings across different sentence con-
texts. We report accuracy, which is the proportion
of correctly ordered pairs.

5 Experiments

5.1 Baselines

We evaluate NASH across diverse embedding mod-
els spanning different architectures, scales, and
training objectives:10

• Token-level encoders: bert-base-uncased,
FinBERT (domain-specific financial model), and
DeBERTa-xlarge-mnli (large-scale encoder).

• Sentence-level bi-encoders: all-MiniLM-
L6-v2, bge-m3, unsup-simcse-bert-base-
uncased, Qwen3-Embedding-0.6B, and text-
embedding-3-small (OpenAI).11

NASH functions as a plug-and-play enhancement
applicable to any embedding-based metric. We
compare baseline performance against NASH-
enhanced scores to demonstrate consistent improve-
ments independent of model architecture.

5.2 Experimental Setup

5.2.1 Threshold Selection
The alignment threshold τ is determined in a data-
driven manner. We randomly pair base sentences
and compute token-level cosine similarity using
bert-base-uncased to estimate a background
similarity distribution. Let µ and σ denote the
mean and standard deviation of these scores; the
threshold is set as τ = µ+σ. Performance is stable
across threshold values; Appendix B demonstrates
robustness to τ selection.

5.2.2 Similarity Computation
Textual similarity Stext uses BERTScore F1
for token-level encoders and cosine similarity
for sentence-level bi-encoders (see Section 2.1).

10Model checkpoints are available in Appendix C.
11Proprietary APIs do not provide token-level embed-

dings required for NASH’s numerical channel; we report
text-embedding-3-small as baseline-only.
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Model Triplet (Easy) Triplet (Med) Triplet (Hard) Listwise

Base +NASH Base +NASH Base +NASH Base +NASH

Token-level Encoders
bert-base-uncased 0.9214 0.9857 ↑7.0% 0.8359 0.9745 ↑16.6% 0.7058 0.8821 ↑25.0% 0.5409 0.7834 ↑44.8%
FinBERT 0.9186 0.9795 ↑6.6% 0.8371 0.9602 ↑14.7% 0.7017 0.8647 ↑23.2% 0.5344 0.7514 ↑40.6%
DeBERTa-xlarge-mnli 0.8715 0.9859 ↑13.1% 0.7903 0.9774 ↑23.7% 0.6879 0.8906 ↑29.5% 0.6286 0.8028 ↑27.7%

Sentence-level Bi-encoders
all-MiniLM-L6-v2 0.8440 0.9743 ↑15.4% 0.7982 0.9577 ↑20.0% 0.6782 0.8633 ↑27.3% 0.3450 0.7289 ↑111.3%
unsup-simcse-bert-base-uncased 0.7568 0.9301 ↑22.9% 0.7676 0.9038 ↑17.7% 0.7028 0.8095 ↑15.2% 0.2265 0.5879 ↑159.6%
bge-m3 0.8335 0.9325 ↑11.9% 0.7993 0.9093 ↑13.8% 0.6809 0.8230 ↑20.9% 0.3481 0.6065 ↑74.2%
Qwen3-Embedding-0.6B 0.8408 0.9802 ↑16.6% 0.8061 0.9627 ↑19.4% 0.6791 0.8748 ↑28.8% 0.3548 0.7677 ↑116.4%

text-embedding-3-small 0.8759 0.8247 0.6899 0.4111

Table 2: Evaluation on NumFinE (Anchor-based). Results show the original backbone (Base) versus the
NASH-enhanced performance (+NASH). Subscripts denote relative improvement percentages. Bold indicates best
performance in each column.

Numerical similarity Snum uses the proposed
precision-recall framework for all models.

5.3 Evaluation on NumFinE

We evaluate performance on NumFinE under two
anchor-based protocols: Triplet and listwise. Ta-
ble 2 summarizes results across all baselines.
NASH consistently outperforms corresponding
baselines under both protocols, demonstrating the
effectiveness of its magnitude-aware numerical
comparison mechanism.

NASH delivers the most substantial gains in
the Listwise setting (up to +159.6% τb for
unsup-simcse-bert-base-uncased), highlight-
ing that magnitude-aware alignment is crucial for
ranking tasks. Token-level encoders demonstrate
strong performance even without NASH enhance-
ment (bert-base-uncased: 92.1% Easy base-
line; DeBERTa-xlarge-mnli: 87.2% Easy base-
line), yet NASH consistently elevates all architec-
tures to higher accuracy. Notably, with NASH en-
hancement, DeBERTa-xlarge-mnli achieves the
best overall results (98.6% Easy, 97.7% Medium,
89.1% Hard Triplet; τb = 0.803 Listwise), while
weaker sentence-level models show the most dra-
matic relative improvements, effectively closing
the gap with stronger encoders.

Baseline performance degrades substantially as
task difficulty increases (e.g., bert-base-uncased
drops 23.4% from Easy to Hard). In contrast,
NASH maintains high accuracy across all difficulty
levels. Crucially, performance gaps widen with dif-
ficulty: for bert-base-uncased, improvements
increase from +7.0% (Easy) to +25.0% (Hard).
This trend demonstrates that NASH is particularly
effective at resolving fine-grained numerical ambi-
guities where standard metrics struggle most. Due

to space constraints, Cross-Pair evaluation is de-
ferred to Appendix A, and additional results for
larger language models are provided in Table 7.

5.4 Evaluation on STS-B and Financial-STS

To assess NASH’s impact on broader semantic
tasks, we evaluate two datasets: general-domain
STS-B (Cer et al., 2017) and domain-specific
Financial-STS (Liu et al., 2024). For STS-B,
we report Spearman’s ρ and Pearson’s r correla-
tions following standard practice. For Financial-
STS (Liu et al., 2024), we report ROC-AUC and
PR-AUC following the established protocol. Ta-
ble 3 summarizes the results.

On Financial-STS, NASH delivers consistent
improvements across most models, particularly
in PR-AUC, confirming that numerical alignment
provides necessary precision in financial contexts
where value differences fundamentally alter mean-
ing. Conversely, on STS-B, we observe minor per-
formance variations. This is likely because STS-
B relies on 5-point Likert scale annotations that
prioritize broad topical similarity over numerical
precision (e.g., “I have 2 dogs” and “I have 3 dogs”
receive high similarity scores). NASH’s enforce-
ment of numerical accuracy, while appropriate for
reasoning tasks, may occasionally diverge from
these annotation conventions.

5.5 Alignment Verification

We verify that the alignment mechanism correctly
identifies contextually corresponding numeric men-
tions by testing on anchor-variant pairs (s, s+),
where s+ is the numerically closest variant to base
sentence s. We measure directional alignment ac-
curacy (whether the target number in s correctly
aligns to the corresponding number in s+) and bidi-
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Model STS-B (Spearman) STS-B (Pearson) Fin-STS (ROC) Fin-STS (PR)

Base +NASH Base +NASH Base +NASH Base +NASH

Token-level Encoders
bert-base-uncased 0.4567 0.5007 ↑9.6% 0.4507 0.5086 ↑12.9% 0.6799 0.6849 ↑0.7% 0.6496 0.6519 ↑0.4%
FinBERT 0.5587 0.5720 ↑2.4% 0.5330 0.5779 ↑8.4% 0.6796 0.6833 ↑0.5% 0.6541 0.6554 ↑0.2%
DeBERTa-xlarge-mnli 0.5930 0.5123 ↓12.1% 0.5356 0.5167 ↓3.5% 0.6739 0.6726 ↓0.2% 0.6384 0.6350 ↓0.5%

Sentence-level Bi-encoders
all-MiniLM-L6-v2 0.8293 0.8235 ↓0.8% 0.8383 0.8342 ↓0.6% 0.6184 0.6282 ↑1.6% 0.5707 0.6036 ↑5.8%
unsup-simcse-bert-base-uncased 0.7815 0.7652 ↓2.1% 0.7915 0.7791 ↓2.0% 0.6547 0.6794 ↑3.8% 0.5958 0.6485 ↑8.9%
bge-m3 0.8467 0.8457 ↓0.1% 0.8404 0.8399 ↓0.1% 0.6529 0.6766 ↑3.6% 0.5850 0.6408 ↑9.5%
Qwen3-Embedding-0.6B 0.4889 0.4904 ↑0.3% 0.5049 0.4936 ↓2.2% 0.6113 0.6616 ↑8.2% 0.5789 0.6074 ↑4.9%

text-embedding-3-small 0.8462 0.8609 0.631 0.5522

Table 3: Evaluation on STS-B and Financial-STS. Results show the original backbone (Base) versus the
NASH-enhanced performance (+NASH). Subscripts denote relative improvement percentages. Bold indicates best
performance in each column.

rectional accuracy (whether both directions agree).
Sentence-level encoders (all-MiniLM-L6-v2)

achieves 80.1% and 83.5% directional accuracy,
yielding a bidirectional agreement of 77.3%
with 6.5% of mentions filtered by the thresh-
old. Token-level encoders (bert-base-uncased)
achieve 96.2% accuracy in both directions, result-
ing in 96.2% bidirectional accuracy with no filtered
mentions. These results confirm reliable alignment
under both embedding paradigms, with stronger
performance for token-level representations. To
further illustrate this robust alignment mechanism
in complex scenarios, we provide a detailed case
study in Appendix E.

5.6 Zero-Shot Cross-Domain Generalization

To examine whether NASH is overfitted to financial
texts or capable of generalizing to other numeracy-
sensitive domains, we further evaluate its perfor-
mance in the biomedical domain under a fully
zero-shot setting. Specifically, we randomly sam-
ple base sentences containing percentage expres-
sions (e.g., “15%”) from the context field of Pub-
MedQA (Jin et al., 2019)12. We then apply the
triplet and listwise augmentation protocols used
in our main experiments and evaluate all models
without any domain-specific tuning.

As shown in Table 4, NASH yields substantial
and consistent improvements across both sentence-
level and token-level encoders. Most notably, for
all-MiniLM-L6-v2, NASH improves the Listwise
ranking performance from 0.1303 to 0.4187, repre-
senting a relative gain of +221.3%. These results
indicate that NASH is not merely tailored to finan-
cial language; rather, it effectively mitigates a more

12Link to the dataset: https://github.com/pubmedqa/
pubmedqa/blob/master/data/ori_pqal.json

Model Triplet (Easy) Listwise

Base +NASH Base +NASH

Token-level Encoders
bert-base-uncased 0.7080 0.7740 0.4483 0.5453
FinBERT 0.6680 0.7050 0.3887 0.4185

Sentence-level Bi-encoders
all-MiniLM-L6-v2 0.5440 0.7060 0.1303 0.4187

Table 4: Zero-shot evaluation on biomedical data
constructed from PubMedQA. NASH is applied com-
pletely out-of-the-box without domain-specific tuning
and substantially improves numerical sensitivity in
biomedical text.

general form of numerical blindness present in di-
verse contexts, all without requiring any domain
adaptation.

6 Related Work

Automatic evaluation of semantic similarity
has evolved from surface-form overlap metrics
such as BLEU (Papineni et al., 2002) and
ROUGE (Lin, 2004) toward embedding-based ap-
proaches that better capture paraphrastic meaning.
BERTScore (Zhang et al., 2020), while aligns con-
textualized token embeddings to compute semantic
similarity, has been widely adopted across NLG
tasks as both a standalone metric and a strong base-
line for learned evaluators like BLEURT (Sellam
et al., 2020).

Despite their effectiveness at measuring linguis-
tic similarity, embedding-based metrics are not
designed to model numerical meaning explicitly.
Sentences with contradictory numeric values (e.g.,
“profit of 5%” vs. “50%”) can receive high sim-
ilarity scores, a critical limitation in numeracy-
dense domains such as finance. In financial NLP,
where paraphrasing and abstraction are common
in long-form documents, semantic evaluation be-
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yond lexical overlap is particularly important. Ac-
cordingly, financial generation and summarization
studies often report BERTScore alongside ROUGE,
as in ECTSum earnings-call summarization bench-
mark (Mukherjee et al., 2022).

Existing datasets support semantic similarity and
numeracy analysis. STS-B (Cer et al., 2017) pro-
vides a general-domain benchmark for graded se-
mantic similarity, while FinSTS (Liu et al., 2024)
extends this to financial narratives. FinNum (Chen
et al., 2019) focuses on numeral understanding by
annotating functional roles of numbers in financial
text. However, these benchmarks do not explicitly
evaluate whether numerical relationships between
corresponding mentions are preserved, motivating
evaluation frameworks that decouple textual seman-
tics from numerical verification.

7 Conclusion

We identify numerical blindness as a fundamen-
tal limitation of embedding-based semantic simi-
larity metrics: context-dominated representations
assign high similarity to numerically contradic-
tory sentences. To address this issue, we pro-
pose NASH, a model-agnostic, scoring heuris-
tic that decouples textual semantics from numer-
ical verification. NASH employs a three-stage
pipeline: (1) modal separation via masking, (2)
context-aware numerical alignment with thresh-
old gating, and (3) IDF-weighted aggregation of
textual and magnitude-based similarity. Evalua-
tions on NumFinE demonstrate substantial gains in
numerical sensitivity, while experiments on estab-
lished semantic similarity benchmarks (STS-B and
Financial-STS) show that NASH preserves general
semantic performance and delivers additional gains
on financial texts. These establish that numerical
consistency requires explicit treatment in quantita-
tive domains and validate modal separation as an
effective design principle.

Limitations

Our work has several limitations. First, our eval-
uation focuses primarily on financial text, where
numerical precision is critical. While NASH is
model-agnostic and applicable to other numeracy-
sensitive domains (e.g., medical, scientific text),
we do not thoroughly validate its effectiveness be-
yond finance. Second, due to computational con-
straints, we evaluate a diverse but not exhaustive
set of embedding models. We do not cover all

checkpoints from large-scale benchmarks such as
MTEB, nor perform repeated runs to establish sta-
tistical significance for minor performance differ-
ences. A broader evaluation could provide stronger
robustness guarantees. Third, our evaluation relies
on automatic diagnostic protocols without human-
centered studies. While NumFinE exposes clear
numerical failure modes, we do not assess whether
NASH better supports human judgment or decision-
making in practical workflows. Finally, NumFinE
uses controlled numerical perturbations to isolate
numerical effects precisely. However, because
these variations are artificially injected rather than
sourced from actual system outputs, they lack real-
world organic noise. Consequently, this synthetic
construction may not fully capture the diversity of
naturally occurring numerical errors. As with any
diagnostic benchmark, results should be interpreted
as indicative of numerical sensitivity rather than
comprehensive real-world performance.
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A Evaluation on Cross-Pair Protocols

The Cross-Pair protocol tests for numerical sen-
sitivity, whether numerical distance relation-
ships generalize across different sentence con-
texts, requiring models to compare magnitudes
without shared lexical overlap. As shown in
Table 5, baseline models struggle with this
task. Even text-embedding-3-small (OpenAI)
achieves only 58.9% accuracy, indicating that
general-purpose embeddings capture topical sim-
ilarity but lack fine-grained magnitude sensitivity.
This performance gap exposes a critical blind spot
in general-purpose embeddings: while they excel at
capturing topical similarity, they fail to encode the
fine-grained magnitude information required for fi-
nancial fidelity, validating NumFinE as a necessary
benchmark for uncovering these latent limitations.

NASH substantially improves perfor-
mance across many models. For example,
DeBERTa-xlarge-mnli improves from 47.2%
to 64.3% (+36.4%), while all-MiniLM-L6-v2
gains from 59.8% to 63.9% (+6.7%). Notably, all
NASH-enhanced open-source models outperform
the text-embedding-3-small baseline (58.9%),
demonstrating that explicit numerical alignment
is crucial for quantitative consistency in financial
NLP. However, some models show minor degrada-
tion (e.g., bert-base-uncased: -4.7%, FinBERT:
-6.2%). The heightened difficulty of the Cross-Pair
setting, compared to anchor-based evaluation,
stems from the varying lengths and semantic

structures of the paired sentences. Because the
contextual density differs, the informational
weight of a numerical value is diluted to varying
extents in each sentence. Consequently, NASH
currently struggles to perfectly calibrate the
scale of similarity across such heterogeneous
sentence pairs. Addressing this uneven numerical
dilution and developing more robust cross-context
normalization mechanisms remains an important
direction for future work.

Model Cross-Pair Accuracy

Base +NASH

Token-level Encoders
bert-base-uncased 0.6727 0.6410 ↓4.7%
FinBERT 0.6772 0.6354 ↓6.2%
DeBERTa-xlarge-mnli 0.4715 0.6556 ↑39.1%

Sentence-level Bi-encoders
all-MiniLM-L6-v2 0.5984 0.6404 ↑7.0%
unsup-simcse-bert
-base-uncased

0.6564 0.6330 ↓3.6%

bge-m3 0.5798 0.6143 ↑6.0%
Qwen3-Embedding-0.6B 0.6015 0.6398 ↑6.3%

text-embedding-3-small 0.5892

Table 5: Evaluation on NumFinE (Cross-Pair). Re-
sults show the original backbone (Base) versus the
NASH-enhanced performance (+NASH). Subscripts de-
note relative improvement percentages. Bold indicates
best performance in each column.

B Threshold Sensitivity Analysis

NASH introduces a single hyperparameter, the
alignment threshold τ , which gates contextual nu-
meric alignment. We evaluate sensitivity by vary-
ing τ over five values {µ−2σ, µ−σ, µ, µ+σ, µ+
2σ}, where µ and σ are estimated from contextual
similarity scores of randomly paired numbers.

Figure 3 shows that performance is stable across
threshold values for all three evaluation protocols.
Only the most restrictive setting (µ − 2σ) shows
minor degradation, indicating that NASH does not
require fine-tuning of τ and is robust to reasonable
threshold variations.

Table 7 reports the detailed numerical results cor-
responding to the sensitivity analysis. Across all
evaluated models and metrics, performance varies
only marginally across a wide threshold range, in-
cluding on larger models such as Qwen3-0.6B,
Qwen3-8B, and Llama-3.1-8B, indicating that the
proposed threshold remains stable across model
scales. These results further confirm that the align-
ment threshold generalizes well in practice without
requiring dataset- or model-specific tuning.
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Figure 3: Sensitivity analysis of alignment threshold τ . From left to right: Triplet accuracy, Cross-Pair accuracy,
and Listwise Kendall’s τb, evaluated across five threshold levels {µ− 2σ, µ− σ, µ, µ+ σ, µ+ 2σ}, where µ and σ
are estimated from contextual similarity scores of random number pairs.

Category Model Name URL Paper

Token-level
bert-base-uncased google-bert/bert-base-uncased Devlin et al. (2019)

FinBERT ProsusAI/finbert Liu et al. (2020)

DeBERTa-xlarge-mnli microsoft/deberta-xlarge-mnli He et al. (2021)

Sentence-level

all-MiniLM-L6-v2 sentence-transformers/all-MiniLM-L6-v2 Wang et al. (2020)

bge-m3 BAAI/bge-m3 Chen et al. (2024)

unsup-simcse-bert-base-uncased princeton-nlp/unsup-simcse... Gao et al. (2021)

Qwen3-Embedding-0.6B Qwen/Qwen3-Embedding-0.6B Zhang et al. (2025)

Qwen3-0.6B Qwen/Qwen3-0.6B Yang et al. (2025)

Qwen3-8B Qwen/Qwen3-8B Yang et al. (2025)

Llama-3.1-8B meta-llama/Llama-3.1-8B Grattafiori et al. (2024)

text-embedding-3-small OpenAI Platform Docs OpenAI (2024)

Table 6: Baseline models: encoder type, parameter count, and source URLs.

C Experimental Details and Baseline
Models

Computational budget. All experiments use
inference-only evaluation with frozen pretrained
encoders—no training or fine-tuning is performed.
Computational cost is dominated by forward
passes, with each complete evaluation run taking
a few GPU-hours depending on model size and
dataset.

Baseline models. Table 6 provides the specific
model checkpoints and URLs.

D Categorical Statistics of NumFinE

Table 8 shows the categorical distribution of valid
evaluation units in NumFinE.

Category Subcategory Count

Monetary

money 1,784
quote 1,187
change 1,173
forecast 585
buy price 505
support / resistance 290
sell price 112
stop loss 30

Temporal date 3,635
time 591

Percentage relative 1,431
absolute 826

Quantity quantity 1,737
Product Number product number 293
Indicator indicator 272

Option exercise price 125
maturity date 75

Total 14,651

Table 8: Statistics of validated evaluation units by
FinNum category (Chen et al., 2018).
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Model Triplet (Easy) Listwise

Base τ−2σ τ−σ τ τ+σ τ+2σ Base τ−2σ τ−σ τ τ+σ τ+2σ

Token-level Encoders
bert-base-uncased 0.9214 0.9879 0.9878 0.9879 0.9857 0.9836 0.5409 0.7848 0.7849 0.7848 0.7834 0.7703
FinBERT 0.9186 0.9804 0.9804 0.9804 0.9795 0.9713 0.5344 0.7537 0.7537 0.7537 0.7514 0.7306

Sentence-level Bi-encoders
all-MiniLM-L6-v2 0.8440 0.9768 0.9765 0.9760 0.9743 0.9601 0.3450 0.7381 0.7378 0.7368 0.7289 0.7023
bge-m3 0.8335 0.9325 0.9325 0.9325 0.9325 0.9325 0.3481 0.6065 0.6065 0.6065 0.6065 0.6065
Qwen3-0.6B 0.9135 0.9908 0.9908 0.9908 0.9908 0.9908 0.4872 0.8129 0.8129 0.8129 0.8129 0.8129
Qwen3-8B 0.9109 0.9885 0.9885 0.9885 0.9885 0.9885 0.4946 0.8014 0.8014 0.8014 0.8012 0.8011
Llama-3.1-8B 0.9134 0.9902 0.9902 0.9902 0.9900 0.9894 0.5254 0.8097 0.8097 0.8097 0.8096 0.8090

Table 7: Sensitivity analysis of the alignment threshold τ and generalization to larger language models. Triplet
(Easy) accuracy and Listwise ranking remain highly stable across threshold settings {µ − 2σ, µ − σ, µ, µ +
σ, µ+ 2σ}. Consistent behavior across both encoder-scale models and larger models (e.g., Qwen3 and Llama-3.1)
indicates that τ acts as a robust contextual compatibility gate rather than a precision-tuned hyperparameter.

E Case Study on Contextual Numerical
Alignmentt

To demonstrate how NASH robustly handles sen-
tences with complex, interwoven numerical rela-
tionships, we conduct a targeted case study using a
stress-test example. We evaluate NASH’s contex-
tual similarity matrices across three perturbation
scenarios based on a base sentence (s5). NASH
performs a greedy one-to-one alignment based on
these similarity scores.

The base sentence for all scenarios is:
s5: “Revenue of 100M grew 20% while costs of
80M grew 25%, yielding 20M profit.”

Scenario 1: Altered percentages & profit. We
alter the numerical values while keeping the syn-
tactic structure identical.
s6: “Revenue of 100M grew 25% while costs of
80M grew 20%, yielding 10M profit.”

Scenario 2: Altered syntax, identical numbers.
We move the profit mention to the beginning of the
sentence to test positional bias.
s7: “20M profit was yielded as revenue of 100M
grew 20% while costs of 80M grew 25%.”

Scenario 3: Same syntax, altered base amounts.
We double the base financial amounts while keep-
ing the growth rates identical.
s8: “Revenue of 200M grew 20% while costs of
160M grew 25%, yielding 40M profit.”

Discussion. As the highest similarity scores
(bolded) in each matrix demonstrate, NASH con-
sistently and perfectly aligns the correct numbers
based on their semantic roles. Particularly in Sce-
nario 2, despite the “20M profit” being moved to

the very beginning of the sentence, NASH success-
fully avoids positional bias and correctly aligns
it with the “20M profit” located at the end of s5
(score: 0.87). This confirms that NASH robustly
handles complex constraints by evaluating magni-
tude differences only between semantically equiva-
lent entities, rather than relying on superficial nu-
merical values or token positions.

(a) Scenario 1: Altered percentages & profit

s5\s6 100 25 80 20 10

100 1.00 0.60 0.80 0.57 0.42
20 0.63 0.94 0.65 0.84 0.23
80 0.80 0.57 1.00 0.59 0.35
25 0.54 0.85 0.52 0.95 0.19
20 0.38 0.22 0.39 0.27 0.94

(b) Scenario 2: Altered syntax (profit moved to front)

s5\s7 20 100 20 80 25

100 0.43 1.00 0.63 0.80 0.55
20 0.32 0.63 1.00 0.65 0.86
80 0.43 0.80 0.65 1.00 0.52
25 0.21 0.54 0.79 0.52 0.84
20 0.87 0.38 0.28 0.39 0.20

(c) Scenario 3: Altered base amounts

s5\s8 200 20 160 25 40

100 0.89 0.63 0.70 0.54 0.39
20 0.62 1.00 0.60 0.79 0.24
80 0.78 0.65 0.82 0.52 0.43
25 0.51 0.79 0.46 1.00 0.19
20 0.39 0.28 0.38 0.21 0.91

Table 9: Contextual similarity matrices for complex
numerical relationships. Rows represent the numbers
from s1, and columns represent the numbers from s2 for
each scenario. The bolded values indicate the highest
similarity score for each row, representing the optimal
semantic alignment.
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F Prompts Used

Financial Sentence Validation JSON
Prompt

Key Requirements:

You are a strict financial text validator.
You ONLY output strict JSON, nothing else.
Decide if the input sentence is valid or in-
valid based on numeric/time rules.

Input:
Sentence: {sentence}

Rules:
- Only treat as invalid in cases like:

* Invalid time/date format
Example: "$CMCM at $10.11 - Buy

Stock Market Alert sent to members
at 9:4 AM ET #stocks"

→ reason: "Time format ’9:4 AM’
is invalid; minutes should have two
digits (09:04)."
Note: Shortened but still valid expressions
like "7:00" (without AM/PM) or "11/14"
(without year) are acceptable and should
NOT be flagged.

* Numeric logic inconsistent with the
claim

Example: "$PEIX,is Head-Fake
news, all experts point to $6.02
to $14 dollars per share that is
130% upside from here. Art of deal
says buy More !"

→ reason: "Numeric logic
inconsistent: going from $6.02 to
$14 is more than a 130% increase."

Output format (strict JSON):
{

"valid": true/false,
"reason": "..." # reason required only if

invalid
}

Number Identification Prompt

You are a financial text classifier. For each input sen-
tence, identify all numeric values (numbers or percent-
ages) present. For each numeric value, output a separate
classification row.
Use the FinNum Categories and Subcategories below for
classification. The category must start with an uppercase
letter. If the subcategory is not the same as the category,
start it with a lowercase letter; otherwise, start it with an

uppercase letter.

Categories and Subcategories:

• Monetary: money, quote, change, buy price, sell
price, forecast, stop loss, support or resistance

• Percentage: relative, absolute

• Option: exercise price, maturity date

• Indicator: Indicator

• Temporal: date, time

• Quantity: Quantity

• Product Number: Product Number

Instructions:

• Output exactly one classification per block with
this format:

Sentence: "<full sentence>"
Target: "<number>"
Category: "<Category>"
Subcategory: "<Subcategory>"

• Output digits only (no symbols, but keep com-
mas).

• If no subcategory applies, output "None" for both
Category and Subcategory.

• Repeat the sentence for each numeric value.

• If the sentence contains no numeric values, output
a single classification with Target: None, Category
and Subcategory both "None".

• If there is only a month and year without a specific
date, output only the year.

Example:
Sentence: "During 2024, the Company’s
net sales through its direct and indirect
distribution channels accounted for 38% and
62%, respectively, of total net sales."
Target: 2024
Category: Temporal
Subcategory: date

Sentence: "During 2024, the Company’s
net sales through its direct and indirect
distribution channels accounted for 38% and
62%, respectively, of total net sales."
Target: 38
Category: Percentage
Subcategory: absolute

Sentence: "During 2024, the Company’s
net sales through its direct and indirect
distribution channels accounted for 38% and
62%, respectively, of total net sales."
Target: 62
Category: Percentage
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Subcategory: absolute

Sentence: "Our common stock has experienced a
low of $138.80 per share."
Target: 138.80
Category: Monetary
Subcategory: quote
Sentences:

G Numerical Augmentation Details

We describe the category-specific random augmen-
tation strategies used to construct NumFinE. All
perturbations preserve sentence structure while
varying only numerical values.

Temporal.
• Date: Randomly shift the date within ±30 days,

bounded by common constraints (e.g., days in
month).

• Time:

– If base is 0: sample from [1,60].
– If base ≤ 12: sample from [1,12].
– If base < 60: sample from [1, 60].
– If base ≥ 60: multiply by random factor in

[0.8, 1.2].

Monetary.
• Money, quote, forecast, buy/sell price, support

or resistance, stop loss: Multiply by random
factor in [0.5, 2.0].

• Change: Multiply by random factor in [0.5, 2.0].

Percentage.
• Relative, absolute: Multiply by random factor

in [0.5, 2.0].

Quantity.
• If base ≤ 5: multiply by random factor in [0.25,

4.0].

• Otherwise: multiply by random factor in [0.5,
2.0] (round to integer).

Product Number. Multiply by random factor in
[0.33, 3.0].

Indicator. Multiply by random factor in [0.33,
3.0].

Option.
• Maturity date: Shift randomly within ±30 days,

bounded by common constraints.

• Exercise price: Multiply by random factor in
[0.33, 3.0].

H Human Validation of the Quality
Assurance Process

To validate the automated filtering process con-
ducted by GPT-4o-mini in Section 4.3, we re-
cruited three human annotators with backgrounds
in computer science and finance. These annotators
were tasked with evaluating a randomly sampled
subset of 50 instances. The final labels regard-
ing grammatical validity and semantic plausibility
were determined via majority voting, establishing
a high-quality reference set. We then evaluated
the GPT-4o-mini quality assurance pipeline against
this human-annotated reference set. The automated
filter achieved 80% accuracy, 95% precision, and
83% recall, indicating that it effectively removes in-
valid records while reliably preserving high-quality
ones.
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