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Abstract

Text-embedding models frequently inherit soci-
etal biases, yet the influence of socio-economic
markers remains largely unexplored. This
paper identifies Currency Bias as a systemic
representational limitation in financial Al,
where models exhibit associative sensitivity to
economic hierarchies. We analyze this through
three dimensions: (1) the Syntax Gap, where
models fail to align currency names, symbols,
and acronyms; (2) Associative Sensitivity,
where embeddings disproportionately link
specific currency identifiers to narratives of
risk or poverty; and (3) Downstream volatility,
where currency substitutions induce predictive
entropy, sentence misunderstanding, sentiment
shifts and credit default prediction flips in
downstream tasks. Benchmarking 14 state-
of-the-art architectures reveals a pervasive
phenomenon of representational disparity,
affecting several currencies. These findings
suggest that current embedding practices
inadvertently encode inequalities, posing
significant risks for the fairness and reliability
of global financial NLP applications'.

1 Introduction

Text-embedding models serve as critical infras-
tructure in modern Natural Language Processing
(NLP), transforming raw language into the dense
numerical representations that power everything
from Retrieval-Augmented Generation (RAG) to
global semantic search (Chrysostomou and Aletras,
2022; Reimers, 2019; Tenney, 2019; Nie et al.,
2024; Sun et al., 2019). As these embeddings serve
as the primary proxy for semantic equivalence in
NLP pipelines, their reliability is paramount. The
efficacy of these models lies in their capacity to
map nuanced relationships into high-dimensional

“This work was carried out while the author was at Mas-
tercard Al Garage.

IThis paper includes content that maybe considered sensi-
tive.

vector spaces. These models are often trained on
large amounts of text on the Internet, and as a
result inadvertently contain biases of various kinds,
reflecting social prejudices and stereotypes (Galle-
gos et al., 2024; Li et al., 2023a; Rakivnenko et al.,
2024).

While extensive literature has documented demo-
graphic biases in gender, race, and religion (Rakiv-
nenko et al., 2024; May et al., 2019; Bolukbasi
etal.,2016; Kotek et al., 2023; Nghiem et al., 2024),
socio-economic markers-such as currency names
and financial tokens-remain largely unexplored.
This omission is significant because currency to-
kens are not merely functional units; they are linked
to geography, national policy, and economic history.
Inconsistency in how models represent these tokens
may lead to the encoding of global economic dis-
parities within the latent space, potentially affecting
the fairness of financial Al applications.
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Figure 1: Associative Bias: Alignment of currencies
within the embedding space across sensitive concepts.
The figures show some currencies based on their prox-
imity to anchor words representing Lawfulness, Luxury,
Malice and Poverty for gte-multilingual base model.

In this paper, we explore Currency Bias-a
structural dimension of representational disparity
that has remained largely unexplored.  Our
findings suggest that current embedding models
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do not treat currency tokens as neutral units;
instead, they often lead to the the phenomenon of
Socio-economic representation bias (See Figure 1).
We observe that models frequently associate
specific currencies with luxury/lawfulness while
clusterings others with poverty/malice clusters.
This is important as financial services move
toward automation (Jaipuria et al., 2025; Lugman
et al., 2025; Kshetri, 2025); if an embedding
model inconsistently associates specific currency
identifiers with systemic risk, automated systems
like credit scoring or compliance flagging may
inadvertently apply an uneven ‘“volatility penalty”
to legitimate actors in emerging markets.

In addition to the biased associations, we
identify a Syntax Gap for currencies in different
text-embedding models. This occurs when a
model exhibits inconsistencies in recognizing the
semantic identity between a currency’s full name
(e.g., “Nigerian Naira”), its acronym (NGN), and
its symbol (IN) when contextualized in a monetary
context. Our results suggest that this disconnect
is highly inconsistent across architectures; while a
model might (not always) link a US Dollar symbol
(US$) to USD, it may fail to do so for different
currencies. This leads to a gap where the semantic
richness and retrievability of an economy in the
vector space depend heavily on the specific model
and notation used.

To systematically analyze these heterogeneous
patterns, we structure our investigation around
three core dimensions of representational disparity:

1. Syntax Gap: We examine the inconsistency
across diverse models in maintaining rep-
resentational alignment between different
currency notations. We identify a structural
gap where models exhibit divergent mappings
for semantically equivalent currency identi-
fiers, with the severity varying significantly
across architectures and specific currencies.

2. Associative Socio-economic bias: Our
results suggest that embedding models do
not always treat currency tokens as neutral
economic units. We observe that embedding
models can construct "personas" for currency
identifiers, clustering certain currencies with
concepts of poverty or illicit activity, while
associating some currencies with luxury and
institutional legality. This representational
asymmetry suggests that models internalize

a form of socio-economic bias that can effect
downstream financial assessments.

3. Downstream instability: We evaluate how
these representational issues manifest as insta-
bilities in downstream applications. Through
a systematic benchmarking of 14 state-of-
the-art architectures, we quantify volatility
in Sentiment analysis, Semantic Textual Sim-
ilarity (STS) and Credit Default Prediction
showing that currency identifiers can act
as bias vectors that induce inconsistent and
undesired directional shifts in model outputs.

By uncovering these distinct gaps, we aim to ad-
vance toward an inclusive financial Al—fostering
architectures that remain as stable and equitable in
Jakarta and Lagos as they are in London or Tokyo.

2 Related Work

Extensive literature has documented demographic
biases including gender stereotypes (Bolukbasi
et al., 2016; Rakivnenko et al., 2024) and LGBTQ+
marginalization (May et al., 2019; Cheng et al.,
2021). Recent research has extended beyond
these explicit demographic attributes to analyze
sentence-level syntactic influences (Nikolaev and
Pado, 2023).

Geographical Erasure and Socio-economic bias.
Models frequently exhibit “geographical erasure”
of the Global South (Schwobel et al., 2023), mis-
alignment with non-Western norms (Naous et al.,
2023), and trait ascription based on economic de-
velopment levels (Manvi et al., 2024). Disparities
such as “richer output for richer countries” (Bha-
gat et al., 2025) suggest systemic institutional fa-
voritism (Kamruzzaman et al., 2024; Gupta and
Ranjan, 2024). We extend this discourse via Cur-
rency Bias, showing that monetary identifiers alone
can trigger latent socioeconomic biases in the latent
space.

Semantic Robustness and the Syntax Gap. Re-
liability requires synonymous concepts to project
into proximal vector spaces, yet models remain
brittle to surface-level perturbations (Jia and Liang,
2017). Recent works have shown that retrieval sys-
tems degrade significantly under minor rephrasing
(Magomere et al., 2025) or entity name perturba-
tions (Manchanda and Shivaswamy, 2025). Our
Syntax Gap analysis-examining the disconnect be-
tween a currency’s name, symbol, and acronym-
interrogates this lack of multi-view consistency.
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Financial NLP and Predictive Instability. Fi-
nancial NLP has matured with domain-specific
models like FinBERT (Huang et al., 2023) and
protocols like FinMTEB (Tang and Yang, 2025).
However, their neutrality has become a recent area
of study. Recent investigations have identified geo-
graphic bias (Sabuncuoglu and Maple, 2025) and
“foreign bias” in market predictions (Cao et al.,
2025). Our work contributes to this, highlighting
the need to mitigate biases within latent financial
representations.

3 Methodology: Evaluation Framework

To quantify the presence and impact of Currency
Bias, we develop an evaluation framework that
interrogates embedding models at three levels of ab-
straction: (1) Representational Identity, assessing
the alignment of different currency notations; (2)
Latent Association, probing socio-economic per-
sonas; and (3) Functional Volatility, measuring the
propagation of these biases into downstream tasks.

3.1 The Syntax Gap: Measuring
Representational Identity

A robust embedding model should exhibit no-
tation consistency, ensuring that a currency’s
name, symbol, and acronym map to the same
conceptual anchor in the latent space. When these
representations diverge, a Syntax Gap emerges,
treating different formats of the same economic
unit as semantically distinct. To quantify this, we
adopt a bidirectional retrieval approach: we use
shorthand notations (symbols or acronyms) as
queries to retrieve their corresponding full names,
and subsequently use full names to retrieve their
shorthand counterparts.

We use Mean Reciprocal Rank (MRR) over raw
cosine similarity, as the latter is often uncalibrated
and lacks the discriminative precision required for
applications like RAG (Lewis et al., 2020). MRR
more faithfully measures semantic retrievability
by evaluating the model’s ability to rank correct
counterparts at the top of a candidate list.

To implement this retrieval task while mitigat-
ing lexical polysemy-such as the acronym “ALL"-
we prefix shorthand notations with keyword “Cur-
rency”. This ensures that the embeddings capture
monetary concepts over generic syntactic roles. For
all experiments, we exclude ambiguous symbols
such as W, shared by both the South and North
Korean Won. App. I provides a full currency list.

We evaluate two retrieval settings:

* Isolated (Clean) Retrieval: We test the align-
ment between notations in a vacuum to see if
the basic semantic link exists. For example,
given the query “Currency €”, we measure
if the model retrieves “Euro” when the candi-
date set consists exclusively of full currency
names. Conversely, we evaluate if a full name
query like “United States Dollar” can find
shorthand notations like “Currency USD” or
“Currency US$”.

* Mixed Retrieval: We test discriminative
consistency in a crowded vector space where
the model must navigate distractors of the
same lexical type. For instance, given the
query “Currency USD”, the candidate set
includes the correct match (“United States
Dollar”) alongside other full names and
acronym distractors (e.g., “Currency GBP”,
“Currency EUR”). This verifies whether the
model assigns “Currency EUR” closer to the
query than its semantic match simply because
they share a shorthand format.

We evaluate both settings using Mean Reciprocal
Rank (MRR):
Q|

1 1
MRR = — % ——
Q| ;ranki

where |@Q)| is the number of queries and rank; is
the position of the ground-truth target for the i-th
query. A low MRR suggests syntax gap, where con-
textualized shorthand notations are not consistently
aligned with their corresponding currency names.

3.2 Associational Bias: Probing Latent
Personas

To probe the latent personas models construct for
national economies, we evaluate bias across two
dimensions: Socio-economic bias (Wealth vs. De-
privation) and Malice Bias (Lawfulness vs. Ter-
rorism)(see Tab 1). We employ a dual-anchoring
strategy: wealth/poverty attribute keywords (A,,)
are embedded via the template “Lifestyle character-
ized by {}” and currency identifiers prefixed with
“Currency ”. For malice experiments, the malice
attributes (A;) are used as standalone keywords,
while the currency anchors used as “Money kept in
{Currency Token}”. Associations are quantified via
the Difference of Median Ranks (DMR):
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DMR(c) =Median({R(c,a) | a € A, })
— Median({R(c,a) | a € A}})

where R(c, a) is the rank of attribute a relative
to currency identifier ¢ within A;" U A, sorted by
descending cosine similarity. A negative DMR indi-
cates that negative concepts such as Poverty/Malice
are ranked closer(more similar) to the identifier
than positive ones(Wealth/Lawfulness), signaling
a harmful association. Beyond the median bias,
we evaluate the variance of these scores across dif-
ferent currency identifiers as a metric of structural
harm. High spread indicates that the model applies
inconsistent socio-economic personas to different
nations, creating a geopolitical hierarchy where
specific economies are relegated to high-risk latent
clusters.

1. Wealth vs. Deprivation (Socio-economic)

AY  Affluence, Opulence, Wealth, High-end living, Elite
lifestyle, Exclusive amenities, Luxurious accommoda-
tion, Premium services, Financial abundance, Prosper-
ity.

A, Poverty, Destitution, Economic hardship, Financial de-
privation, Low-income living, Lack of basic amenities,
Homelessness, Underprivileged conditions, Slum life,
Subsistence living.

2. Lawfulness vs. Terrorism (Malice Bias)

Al+ Clean currency, Trustworthy currency, Clean assets,
Legal money, Regulated capital, Lawful money, Trust-
worthy money, Authorized funds, Legitimate funds.

A, Terrorism currency, Cross-border terrorism currency,
Insurgent’s money, Terrorist financing, Illicit funds,
Terror finance, Blood money, Dark capital, Terror
funds.

Table 1: Attribute sets for bias dimensions. Ranking is
computed over A U A, where k is [ or w.

3.3 Functional Sentiment Volatility and Bias

To quantify the downstream impact of representa-
tional inconsistencies, we evaluate the model judg-
ments via financial sentiment analysis. We treat
sentiment as a proxy for reliability, testing whether
models maintain predictive invariance across
various currency identifiers (keeping the remaining
text unchanged) or if they introduce biases.

Counterfactual Probing Setup Using the Finan-
cial PhraseBank dataset (Tang and Yang, 2025)
and following convention, we train a Logistic Re-
gression classifier using the frozen sentence-level

embeddings. To isolate the currency mention as
the sole independent variable, we generate a syn-
thetic counterfactual test set. For every sentence in
the test split containing a unique currency mention
(248 samples), we systematically substitute it with
every currency identifier in our dictionary across
three notations: Name, Acronym, and Symbol.
Example : “Operating profit increased to USD 8.3
mn from USD 3.4 mn”, the positive sentiment is
driven by the reported growth trend. This classifi-
cation should hold whether the identifier is USD or
Euro.

We quantify predictive instability and systemic
bias using two primary metrics:

* Prediction Entropy (H): To measure the
volatility of a model’s prediction for a sen-
tence across all perturbations, we calculate
the Shannon Entropy (Shannon, 1948) of the
label distribution:

H(s)=->_ P(y)log P(y)
yeY

where ) = {Pos, Neu, Neg} and P(y) is the
probability of label y being predicted across
all variations of a sentence s. High entropy in-
dicates that the model’s judgment is unstable
and governed by the specific notation rather
than financial semantics.

* Bias Score: For simplicity, we focus on the
Positive class as the primary indicator of fa-
vorability to quantify bias. It measures the
percentage deviation of a specific currency’s
positive prediction rate for a model.

Propyog (¢) — P OPpos (overall)
Propp,os (overall)

Bias(c) = 100

where Prop,,(c) is the proportion of positive
labels assigned to currency identifier ¢, and
Prop,,,s(overall) is the predicted positive rate
across the entire counterfactual test set for
this model. By isolating shifts in positive
sentiment, we identify identifiers that receive
higher positive sentiments versus those
subjected to an economic penalty.

3.4 Downstream Financial Task: Credit
Default Prediction

To assess whether currency-level biases translate
into real-world decision errors in financial risk
modeling, we evaluate the impact of currency
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notations on a downstream financial risk task.
Towards this, we utilize the FinBench credit default
dataset (Yin et al., 2023) to assess how currency
perturbations affect "credit default" predictions.
The task is to predict whether a customer will
default based on textual profiles containing mon-
etary values and currency expressions, making it a
suitable benchmark for studying currency-induced
biases in embedding models.

Model & Training Pipeline We adopt a simple
and controlled evaluation pipeline to isolate the
effect of currency perturbations. Each input text
is encoded using the target embedding model. A
simple logistic regression model is trained using
the embeddings of the model as input features. We
evaluate four representative embedding models to
demonstrate the effect. The classifier is trained on
the original train dataset and tested on systemati-
cally perturbed currency variants. Specifically, for
each test sample, we replace the currency symbol
present in test data($) to different target currency
names, symbols and acronyms. Towards this, we
choose a subset of 30 currency perturbations such
as Euro, Japanese Yen, JPY, INR, Indian Rupees,
EUR, GBP, Swiss Franc, CHF etc. on which the
test data is perturbed. Further, to isolate the impact
of currency perturbation, we evaluate two variants:
a notation-only perturbation (fixed numeric values
of currency amount) and a value-adjusted pertur-
bation using real-world exchange rates where we
perturb both the currency as well as the numeric
value of the amount mentioned alongside the cur-
rency notation. For example 1$ is perturbed to 0.85
Euro. To understand the impact of perturbation of
currency notations, we use the below metrics.

* Flip Rate (FR): The percentage of predictions
that change relative to the baseline notation ($)
after perturbation. Measures decision fragility
and sensitivity to surface-level notation.

* Positive Prediction Rate (PPR): The propor-
tion of samples predicted as "Credit Default
(class 1)". Discrepancies in PPR across cur-
rencies reveal systemic bias (e.g., perceiving
certain currencies as inherently "riskier").

* Prediction Entropy: Shannon entropy of pre-
dictions across currency perturbations per test
sample: higher entropy indicates inconsis-
tent decisions across currency notations. We
report the average entropy over all samples-

lower values imply consistency, higher val-
ues indicate inconsistency-while high vari-
ance across samples reflects sample-wise dif-
ferences in prediction consistency.

3.5 Robustness in Semantic Textual Similarity
(STS)

We evaluate representational stability using the
STS task as a proxy for financial reliability, uti-
lizing the FinanceMTEB STS dataset (Tang and
Yang, 2025), filtering samples which have a unique
currency mention (154 samples). Following Tang
and Yang (2025), we calculate the Spearman’s rank
correlation (p) between the cosine similarity of
the sentence embeddings and the human-annotated
ground truth labels.

For every sentence pair, we generate a 3x3 eval-
uation matrix by systematically varying the surface
notation across F={Name, Acronym, Symbol}
while holding the underlying currency and the text
of both sentences constant(for currencies whose
symbols are not used, we ignore their symbol re-
placement version). The objective is to determine
whether models maintain consistent semantic judg-
ment despite surface-level lexical changes. This
setup allows us to stress-test Notation Constancy—
the stability of p when both sentences in a pair
are shifted to the same new format across different
currencies(eg:- Euro used in both sentences)—and
Asymmetric Cross-Alignment, which assesses the
ability to recognize semantic equivalence between
heterogeneous notations (e.g., comparing “Euro”
against its symbolic representation €).

3.6 Candidate Text-Embedding Models

To ensure full reproducibility, our evaluation
suite encompasses a variety of open-source
architectures, including domain-specific en-
coders like FinBERT (Huang et al., 2023) and
finance-embeddings-investopedia (FinLang, 2024)
designed for financial domain, as well as high-
performance general-purpose and multilingual
models such as the GTE family (Li et al., 2023b),
the e5-multilingual-large, e5-multilingual-large
instruct (Wang et al., 2024), bge-m3 (Chen et al.,
2024), and LaBSE (Feng et al., 2022). We further
include standard benchmarks like all-mpnet-
base-v2 and paraphrase-multilingual-mpnet-
base-v2 (Reimers, 2019), alongside recent LLM-
based embeddings such as Qwen3-Embedding-
0.6B (Zhang et al., 2025), embeddinggemma-
300M (Vera et al., 2025), jina-embeddings-v2-
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base-en (Gilinther et al., 2023), and snowflake-
arctic-embed-m-vi.5 (Merrick et al., 2024).

4 Results

We present the evaluation of embedding models
across four key dimensions: syntax gap, associa-
tional bias, sentiment stability, credit default pre-
diction and STS robustness. Link to Code.

4.1 The Syntax Gap

Our evaluation(Fig. 2) reveals a profound Syntax
Gap where models exhibit inconsistencies to
maintain stable conceptual links between a cur-
rency’s various notations. Critically, this disparity
is significant even in the Isolated Retrieval setup;
many architectures struggle to anchor symbols
to identities even when no distracting tokens are
present. This suggests that the connection between
a notation and its economy is often not encoded
as a semantic primitive.

This disconnect worsens in the Mixed setup. As
shown in Figure 2, Mean Reciprocal Rank (MRR)
degrades sharply as models cluster tokens by syn-
tactic type (e.g., symbols with symbols) rather than
semantic entity. Further, entity-level analysis (Ta-
ble 2) reveals disparity in performance. While pop-
ular currencies such as the Euro maintain decent
score (MRR > 0.65), albeit with high standard de-
viation across models, currencies such as the Mo-
roccan Dirham and East Caribbean Dollar suffer
from a significantly wider syntax gap, with MRR
falling below ~ 0.02 in several cases.

4.2 Associational Bias: Latent Personas

Beyond structural identity, we evaluate the latent
personas constructed by embedding models using
the Difference of Median Ranks (DMR). This exper-
iment probes whether models treat currency iden-
tifiers as neutral functional units or harbor deep-
seated associations with socio-economic status and
geopolitical biases. As illustrated in Figure 3, vari-
ance, rather than the aggregate median shift, is the
truest measure of representational harm. While a
perfectly neutral model would exhibit a tight distri-
bution, the extreme spreads observed across four-
teen models prove that embedding spaces assign
wildly different degrees of bias to different cur-
rency identifiers.

A model with a median rank difference of
zero but high variance isn’t neutral; it’s a model
that is opinionated in different directions depend-
ing on the currency. The wide Inter-Quartile

Ranges and extended whiskers in models such
as snowflake-arctic-embed-m-v1.5 reveal
significant bias. This high variance demonstrates
that models do not apply a uniform semantic
logic to the category of a currency; instead, they
discriminate based on identity, assigning a Wealth
persona to a specific currency while relegating
some currency tokens to a Poverty persona.’

Case study: To illustrate these biases, we focus
on the gre-multilingual base model as a represen-
tative case (Table 3). In the Lawfulness vs. Malice
dimension, the model applies a Malice Penalty to
identifiers like the Afghan Afghani (—5) and Somali
Shilling (—5), while currencies such as the Swedish
Krona (48) receive a Lawfulness Shield. Similarly,
the Wealth vs. Poverty dimension imposes a
severe Poverty Penalty on the Mongolian Togrog
(—8.5) and Lao Kip (—8), whereas elite identifiers
like the Swiss Franc and Euro (4+10) are granted
maximal Luxury associations. These branded
personas create a digital barrier; if an embedding
model inherently associates a currency with risk
or destitution, automated financial tools-from
credit scoring to AML (Anti-Money Laundering)
filters-may apply unintended systemic penalties
to users in different markets. Detailed heatmap of
results for all models are provided in App. B.2.

4.3 Sentiment Classification Volatility

We evaluate sentiment volatility by calculating the
per-sample entropy across all currency perturba-
tions for each sentence. While the global average
entropy remains relatively low, the high std. dev
and the presence of high-entropy outliers (Fig. 4)
reveal that a significant proportion of individual
samples are highly unstable. This confirms that
for a substantial number of inputs, changing the
currency identifier alone is sufficient to trigger a
sentiment flip.

To quantify this functional impact, we focus
on a representative model eg:- Snowflake (see Ap-
pendix E for the full suite of 14 models). As shown
in the label agreement distributions in Figure 5, the
model exhibits a broad Gaussian Spread of Unre-
liability. Instead of the expected consistency, we
observe frequent “sentiment flips,” where a sen-
tence’s perceived sentiment changes solely due to
a currency substitution.

A critical finding is the presence of systematic
bias in the embedding space. The model exhibits

“We evaluate the robustness and impact of anchor prompt
templates and attribute choices in Appendix B.3
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Figure 2: Quantifying the Syntax Gap MRR distributions across four mapping tasks show poor MRR(specifically
MRR Mixed) across different models, revealing fragile semantic anchoring of currency tokens.

Table 2: Syntax Gap Overview: High-resource vs. low-resource currency performance across all retrieval directions.
Values represent Mean MRR(Clean, Mixed) across all models & Std rounded to two decimal places.

Acronym — Name | Name — Acronym | Symbol — Name | Name — Symbol

Currency MRR | Currency MRR | Currency MRR | Currency MRR
Top 5 Currencies
New Zealand Dollar  0.81 4= 0.38 | Euro 0.89 + 0.29 | Hong Kong Dollar 0.83 + 0.35 | Euro 0.93 +0.25
British Pound 0.79 £ 0.38 | British Pound 0.86 = 0.30 | New Zealand Dollar  0.80 £ 0.38 | Japanese Yen 0.90 + 0.24
Japanese Yen 0.77 4+ 0.40 | US Dollar 0.85 4 0.30 | Japanese Yen 0.66 &= 0.42 | Polish Ztoty 0.88 +0.27
US Dollar 0.76 £ 0.39 | Japanese Yen 0.82 £ 0.32 | Indian Rupee 0.65 £ 0.43 | Hong Kong Dollar ~ 0.85 &£ 0.30
Australian Dollar 0.74 £ 0.41 | New Zealand Dollar 0.82 £ 0.35 | US Dollar 0.65 £ 0.44 | New Zealand Dollar  0.84 £ 0.32
Bottom 5 Currencies

Samoan Tala 0.01 £ 0.00 | Albanian Lek 0.02 £ 0.02 | Afghan Afghani 0.01 £ 0.00 | Sudanese Pound 0.02 £ 0.02
Sao Tomé Dobra 0.01 £ 0.00 | Samoan Tala 0.02 £ 0.03 | Paraguayan Guarani 0.01 £ 0.01 | Armenian Dram 0.06 £ 0.06
Eswatini Lilangeni ~ 0.01 £ 0.00 | Moroccan Dirham 0.02 4 0.03 | Tongan Pa’anga 0.01 4 0.01 | Paraguayan Guarani 0.07 £ 0.18
Macanese Pataca 0.01 4 0.00 | Tongan Pa’anga 0.03 4= 0.05 | Panamanian Balboa  0.01 £ 0.01 | Peruvian Sol 0.07 £ 0.12
Mongolian Togrog ~ 0.01 £ 0.01 | East Caribbean Dollar  0.03 & 0.04 | Macanese Pataca 0.01 = 0.01 | Azerbaijani Manat  0.08 £ 0.18

positive associations for some currencies and
negative associations for others, with relative shifts
that can be substantial (on the order of + 20-30%
for Snowflake model), indicating uneven treatment
across currency representations. Further analysis
and detailed results are provided in Appendix E.

These findings, consistent across the full model
suite (Appendix E), demonstrate that embeddings
are not currency-neutral. Such socio-economic

biases poses a structural risk; automated tools
like credit scoring or compliance flagging that
link certain currencies to instability can unfairly
penalize several currencies, undermining global
financial inclusion.

4.4 Credit Default Prediction Inconsistency

We evaluate downstream financial decision incon-
sistency by measuring prediction drift in a credit
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Figure 3: Distribution of Associational Bias Scores: These boxplots visualize the variance in Difference of
Median Ranks across the model family. Wide distributions, deviation from center and extreme outliers signify the
presence of systemic Socio-economic bias and Malice Bias, where latent personas are assigned based on geopolitical

identity.

Table 3: Socio-economic and Malice Bias: DMR

scores for the gte-multilingual model.

Currency Diff \ Currency Diff

(a) Top Malice(Terror) \ (b) Top Lawfulness

Afghan Afghani -5.0 | Swedish Krona 8.0
Somali Shilling -5.0 | Danish Krone 8.0
Omani Rial -4.0 | CFP Franc 7.0
Yemeni Rial -4.0 | Japanese Yen 7.0
Moroccan Dirham -4.0 | Swiss Franc 7.0
(c) Top Poverty | (d) Top Luxury
Mongolian Togrog -8.5 | Swiss Franc 10.0
Samoan Tala -8.5 | Swedish Krona 10.0
South Sudanese Pound -8.0 | Saudi Riyal 10.0
Lao Kip -8.0 | Euro 10.0
Kyrgyzstani Som -7.5 | Danish Krone 9.5

default classification task under perturbations of
currency notations in the textual input. We observe,
when perturbed test data sentences using different
representations of the same currency (for example:
USD, USS$, United States Dollar, $) are used, the
model fluctuates its decisions. We show a represen-
tative example:

Original Test Sentence: This customer is a 42-
year-old female with a college education and a
yearly income of $97,484. She is applying for a car
loan with a loan length of 1 year and will have 2
signers. Her credit score is 578 and she is a citizen.

Distribution of Sentiment Prediction Entropy Across Models
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Qwen3 ing-0.68 g
pret-base-v2 o
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Prediction Entropy Score

Figure 4: Sentiment Classification Volatility: Distri-
bution of per-sample entropy across the counterfactual
set. High variance and significant outliers reveal that
sentiment predictions for specific context sentences are
highly unstable under currency substitutions.

Predictions for different USD representations
(multilingual-e5-large): ‘$’: 0, “‘US$’: 1, ‘United
States Dollar’: 0, ‘USD’: 0. The "flip" in the credit
decision, triggered solely by the string US$, shows
that surface-level notation gaps can lead to incon-
sistent financial outcomes. Similar observations
hold for different models as can be seen with high
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Table 4: Credit Default Prediction : Performance across U.S. Dollar representations before and after mitigation.

Model Flip Rate (%) Before Flip Rate (%) After Entropy Before Entropy After AUCPR Before AUCPR After

Qwen3-Embedding-0.6B 4.79 £4.08 3.28 +2.85 0.0893 & 0.2713 0.0821 £ 0.2549 0.1708 4+ 0.0028 0.1695 £ 0.0074
LaBSE 3334243 2384+ 1.73 0.0606 & 0.2196 0.0543 £ 0.2095 0.1608 + 0.0016 0.1547 £ 0.0039
bge-m3 3.01 £2.13 2.36 + 1.68 0.0522 4 0.2051 0.0463 £0.1953 0.1867 4+ 0.0053 0.1780 £ 0.0076
multilingual-e5-large 2.53 +1.81 1.59 + 1.07 0.0368 4 0.1748 0.0312 £0.1625 0.1597 4+ 0.0028 0.1891 £ 0.0057

Sentiment Label Distribution Density for snowflake-arctic-embed-m-v1.5
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60

50 / \
“© i |\ /

30 4 \
20 ’/ \\
10 // '\
=< N
° . —

90 100 110 120 130 140 60 65 70 75 80 85 so e 70 80
Label Agreement (How many times the model picked this label per text)

Number of Unique Sentences

Figure 5: Sentiment Analysis: Predicted sentiment label
distribution for Snowflake model when only the cur-
rency in the sentence is varied.

flip rates and high entropy as shown in table 4.3.

Mitigation We propose a simple baseline miti-
gation strategy to tackle this inconsistency in no-
tation representations. We perform data augmen-
tation using only U.S. Dollar-based perturbations
for controlled evaluation. Specifically, the training
data is augmented by replacing “$” with alterna-
tive notations such as “US$”, “USD”, and “United
States Dollar.” This preserves semantic consistency
while introducing lexical variability, encouraging
the model to become invariant to currency notation.
To isolate the effectiveness of this approach, we
restrict evaluation at test time to U.S. Dollar repre-
sentations only, i.e., different notations of the same
currency (USS$, USD, $, United States Dollar).

Results The results are presented in Table 4.
Across all evaluated models, we observe consis-
tent reductions in prediction volatility (Flip Rate)
and decision uncertainty (Entropy), with minimal
impact on overall predictive performance. For in-
stance, multilingual-e5-large achieves a 37 % rela-
tive reduction in decision flips.

4.5 Semantic Textual Similarity (STS)

We evaluate the performance of different models
by measuring how currency substitutions affect
Semantic Textual Similarity (STS). Ideally,
swapping a currency unit in a sentence pair

3Further results for both settings: varying all currencies
with and without preserving exchange rate values are provided
in Appendix F.

(e.g., swapping USD for US$) should not lead to
syntax gap—where the relative semantic meaning
remains constant. We observe that models exhibit
significant representational volatility creating a
volatility penalty for several currencies. Further,
high-performing models like e5-1arge-instruct
achieve higher absolute scores but maintain high
sensitivity to currency and notation changes.
Detailed per-currency, model and perturbation type
performance metrics are provided in Appendix A.

5 Conclusion

This paper identifies Currency Bias and the Syntax
Gap as limitations of text-embedding models.
Benchmarking 14 architectures reveals that current
models do not always treat monetary units as
neutral. Further, they suffer semantic inconsistency
across symbols, acronyms, and names. These
failures manifest through: (1) Socio-economic bias,
linking specific currrency identifiers to narratives
of risk; and (2) Notation Instability, where model
reliability is contingent on surface-level lexical
choices.

These limitations create structural barriers to fi-
nancial inclusion. Our analysis further indicates
that these effects are not primarily driven by tok-
enization artifacts or model capabilities (App. G),
suggesting representational biases in embedding
spaces. Addressing these associative biases and
technical gaps is essential to ensuring that the next
generation of financial Al serves the global econ-
omy with consistent precision and equity, acting
as a robust infrastructure rather than a digital gate-
keeper.

6 Limitations

While this study provides a systematic analysis of
currency bias across diverse architectures, several
limitations suggest avenues for future research:

» Mitigation Strategies: This paper primarily
focuses on identifying and characterizing cur-
rency bias-specifically the Syntax Gap, Asso-
ciative Sensitivity, and Downstream Instabil-
ity. Our findings highlight the need for “de-
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fragmentation” to ensure geometric equiva-
lence. As an initial step toward mitigation, we
evaluated a simple data augmentation base-
line in the Credit Default Task that introduces
variation in currency notations to improve ro-
bustness. While this approach yields mod-
est improvements, more sophisticated mitiga-
tion strategies-such as post-hoc embedding
transformations or targeted fine-tuning across
model families-remain to be systematically
explored.

* Evaluation on Proprietary Models: To en-
sure transparency and full reproducibility of
the embedding space analysis, this study fo-
cused exclusively on open-source architec-
tures. Consequently, the degree of currency
bias in closed-source proprietary models (e.g.,
GPT-4, Claude) remains unquantified.

* Vector Similarity as a Semantic Proxy: Our
analysis adopts the similarity between text em-
beddings as a proxy for their semantic relation-
ship. While this is standard practice, vector-
based metrics are mathematical estimates that
may overlook deeper semantic nuances or the-
matic relationships that require higher-order
reasoning.
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A Results of Semantic Textual Similarity
(STS)

This section provides a granular breakdown of
the Semantic Textual Similarity (STS) task results,
which serves as a proxy for measuring the Syntax
Gap. We evaluate how consistently models align
the same monetary concept when presented in dif-
ferent surface forms: Currency Name, Symbol, and
ISO Code.

A.1 STS Volatility

As visualized in Fig. 6, the spread of Spear-
man correlation scores reveals the volatility
inherent in current embedding architectures.
Models with wide inter-quartile ranges
(IQRs) such as snowflake-arctic-embed
and jina-embeddings-v2, demonstrate
that their understanding of sentence is frag-
mented—performing exceptionally well on some
currencies while failing significantly on others
for different replacement strategies. Further, the
performance of different model varies according to
the replacement strategies suggesting syntax gaps.

A.2 Per-Currency Performance Analysis

As discussed in Section 4.5, the performance of
embedding models is not uniform across the global
monetary landscape. Table 5 details the top and
bottom performing currencies for two representa-
tive state-of-the-art architectures. The high stan-
dard deviation in the “Bottom” clusters indicates
Structural Volatility, where the model’s understand-
ing of the currency collapses when the notation
changes (e.g., from name to symbol/acronym and
vice-versa).
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Strategy Pair (S1/S2)
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Figure 6: Semantic Similarity Task: Detailed comparison of currency representation bias across all tested embedding
models. For each model, in each of the nine versions, we observe different means and significant deviation from
the mean performance, highlighting how different currency and notations lead to different correlation results. For
variations which are based upon symbol, we select currencies which have valid symbols as per Sec. |
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Table 5: STS Task: Best and Worst Currency-Wise Performance Analysis for subset of embedding models.

Model Name

Perf.

Currency

Mean + Std.Dev.

embedding- Top
gemma-300M

Turkish Lira
Philippine Peso
New Zealand Dollar
Nigerian Naira
Polish Ztoty

0.4794 £ 0.006
0.4737 £ 0.009
0.4734 £ 0.006
0.4732 £ 0.010
0.4728 £0.015

Bottom

Peruvian Sol
Uruguayan Peso
Serbian Dinar
Cambodian Riel
Armenian Dram

0.4306 £ 0.024
0.4278 £ 0.040
0.4260 £ 0.027
0.4251 £ 0.030
0.4220 £ 0.033

multilingual-e5- Top
large-instruct

Czech Koruna
Thai Baht

Polish Ztoty
Macedonian Denar
Bulgarian Lev

0.5362 £ 0.021
0.5239 £ 0.016
0.5232 £ 0.015
0.5228 £ 0.028
0.5214 £ 0.025

Bottom

Armenian Dram
Paraguayan Guarani
Afghan Afghani
Ghanaian Cedi
Macanese Pataca

0.4881 £ 0.025
0.4844 £+ 0.028
0.4840 £ 0.014
0.4801 £ 0.023
0.4796 £+ 0.020
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B Associative Bias experiment

B.1 Extended bias results

As shown in Figure 7, we present the full distri-
bution of associational bias scores for symbolic
notations across the model family. The wide vari-
ance and presence of significant outliers in these
boxplots illustrate the inconsistent assignment of
socio-economic personas, further confirming the
presence of Socio-economic bias across different
architectures.

B.2 HeatMaps

This section presents the detailed visual results of
our associative bias experiments across different
currency representations. Figures 8 through 13 pro-
vide a granular view of the Luxury vs. Poverty
bias analysis, illustrating how full currency names,
symbolic identifiers, and ISO acronyms correlate
with economic status descriptors. Additionally, Fig-
ures 14 to 17 map the associations between these
currency identifiers and Malice-related attributes.
These heatmaps serve to quantify the varying de-
grees of stereotyping embedded within text embed-
ding models, highlighting how different denomi-
nations and regional symbols trigger disparate as-
sociative strengths across distinct socio-economic
and safety-related dimensions.
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Figure 7: Distribution of Associational Bias Scores: These boxplots visualize the variance in Difference of Median
Ranks across the model family for symbolic notations. Wide distributions, deviation from center, and extreme
outliers signify the presence of systemic Socio-economic bias.
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Luxury & Poverty Bias Heatmap: Currency Name (Part 1/2)
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Sierra Leonean Leone { -4.00 | 1.50 |-5.00 0 . [ 2.00 [-2.00 0 -6.00 1| 3.50 [ -2.00]-3.00-4.50
Malawian kwacha JEJ0L0) -4.00 | -2.00 | -3.50 EXCLN -1.50 | -1.00 | -1.00 | -4.00 J]'5.00 | 1.00 [CLTTEAT
Eritrean Nakfa{ 1.00 |-1.00 | -4.00 | -7t/ R: Kl 11-3.00 | 00 0.00 U] 4.50 | 0.00 | 2.00 | -3.50
Bolivian Boliviano JECIE -5.00 ] 0.00 | 0.00 |-1.00 |-5.00 | T [F20 -3.50 [ 0
Afghan Afghani JECR-TY 4.50 71/-3.00|-1.50 | -4.00-5.00 | 5.00 [ 0.50 | .
Honduran Lempira{ = 71/111| -3.50 | -4.00 | -3.00 [ICI-L -3.00 | 0.00 | -2.00 | -1.50 [ 1| 3.50 |-3.50 | -3.00 | -4.00
Salvadoran Colén | 2.50 [-3.00-1.50| -1/ 3.00 [-3.50]-0.50 [-a.00| -] 1.00 [-a.00 XY -2.00
Nepalese Rupee | -2.00 [ -2.00 | -1.50 | -1.50 3 -1.50[-3.00 [777T]] -3.00 -4.00 [ 4.50 | -1.00 [E:K'1)[ -4.00
Nicaraguan Cérdoba JECRLt 7| -2.50-3.00 [0 -2.50 | 4.50 ] -2.50 O 4.50 BT 0] -a.50
Papua New Guinean Kina { -3.00 [ -5.00 [ -4.00| 0.50 | 5 -1: 7| -2.00]-1.50[-3.00] -3.50 | 4.50 | -4.00 | -0.50 | -3.00
Guatemalan Quetzal JEZ21 ]| -5.00 [ -2.00 [ -4.50 [ 4.50 [ 1.00 [-1.00-1.00-1.00 | 3.50 [Lo- 0[50 0
Liberian Dollar | 1.00 |-3.50 | -3.00| 1.00 310N -4.50 | -0.50 | -0.50 | -4.00 | 711 2.50 | -4.00 | -4.00 [ -5.00
Surinamese Dollar =500 | -3.00 | -4.00 | -2.00 )| '5.00 | 2.50 |-1.00 TS50 5.00 | -5.00 ST -4.50
Botswana Pula{ -3.00 [ -5.00 | -3.00 | -2.50 0 o)XY 7:00 00 ] 4.50 | 0.00 | 0.00 [T
Bangladeshi Taka JECIIL 7| 1.50 [-2.50 0.50 [-3.00-0.50 | -4.00 | 2.00 [-3.00 [F=1])] -1.50
Kyrgyzstani Som { -4.50 JEXT] 2.00 1.00 [-3.50|-4.50-4.50 7|-3.00]-1.00| 3.50
Angolan Kwanza JEIETO - -11)| 0.00 [FALL 3.00 | 1.50 | 1.00 |-4.50 | 5.00 [-1.00 [-3.50 | -2.00
Ethiopian Birr 2.50 | -2.50 -0.50 [ -5.00 TEEE0)| .50 | 1.50 |-3.50 -4.00
Lao Kip 7 3.50 -3.50-4.50 | -2.50 | - 1] 3.50 [-1.50] 0.50 7]
Venezuelan Bolivar -3.00 | -0.50 1.50 | 0.50 [-3.00]-3.00 0.50 [-2.50[-4.00] -1.00
Nigerian Naira -2.00 | 0.00 0.00 [-0.50| 0.50 |-3.50 [ 3.50 [\ 1.50 [-2.00
Samoan Tala -5.00 | -1.50 -3.50|-1.00 0.00 | 0.00 | 3.00 |-5.00 0.00 |-2.50
Ghanaian Cedi -5.00 | -3.00 2.50 |-4.50 | 2.00 |-1.50 | 3.50 |-3.50 [-1.00 | -3.00
Peruvian Sol -3.00 | 3.00 -1.00 [-4.50 0.50 | 0.00 | 3.50 | 0.50 |-4.50 | -4.00
South African Rand -4.00[-0.50 -1.50 | -1.00 [F2ET)] -4.50 | 717 -1.50 | 10
Burundian Franc 0.00 [-1.00 0.50 [-2.50 |-2.50 | 5.00 [ -1.00-2.00] I

-1.50| 0.00
2.00 |-4.00
4.00 | 0.00
-3.00 | -3.00
-1.50 | -2.00
-2.00| 1.00
-1.50 | -3.00
2.00 0
-3.00 | -1.00
-3.00 | 3.00

2.50 |-0.50
-3.50 | -3.50
-1.50 | 1.50
-0.50 | 1.50
0.00 | -2.50
-1.50| 1.00
0.00 | -5.00
-2.50 | -4.00
4.00 | -0.50
-2.50 | 3.50

Tajikistani Somoni

-6.00 -5.50 [EXET)] -5.50

Mozambican Metical

Eswatini Lilangeni

Paraguayan Guarani

Myanmar Kyat

currency_value

Lesotho Loti -7.00 -7.50

3.00 | 1.00 |-1.50 | -2.50
1.00 |-0.50 | 2.00
3.50 | 0.00 |-1.00 | 2.50
5.00 | 0.50 |-1.50 | 2.00

Sri Lankan Rupee

Syrian Pound -6.00 -7.50

Uzbekistani Som

Bhutanese Ngultrum -7.00 -6.00

°
Median Rank Difference (Poverty - Luxury)

Belize Dollar -3.00 | 3.00 1.50 |-0.50 |7 |23 0.00 [-2.00[-2.50]-0.50
Yemeni Rial { 0.00 | 0.00 |-2.00| 3.50 1.50 | 2.00 | -3.00 | -3.50 | 1.00
Serbian Dinar 0.50 | 2.50 | 3.00 0.00 | -0.50 [ -3.50 -4.00| 3.50

Colombian Peso+ -0.50 | 1.00 |-3.50 | -1.00
Solomon Islands Dollar{ 5.00 |-4.50 | -3.50 | 4.00
Jamaican Dollar{ -2.50 | -3.00 | -1.00 | 0.00

Costa Rican Colén 1.00 | 2.00 |-3.00 | 1.50

Cuban Peso:F I ‘ 3.00 | -3.00 | -3.00

Moldovan Leu=5.00 | -1.50 | 0.00 | -4.50

Trinidad and Tobago Dollar{ 5.00 | -1.00 | 0.00 | 4.00
Mongolian Togrog { -1.00 [T -2.50 [T
Indonesian Rupiah4 0.50 | 1.50 | 0.00 | 1.00
Belarusian Ruble U -2.50 | 2.00 | -2.50

Central African CFA Franc

5.00 | -2.50 | -3.00|

-1.00 | -2.00 | 72110
2.50 |-2.50| 0.00 | -2.50 | 1.50 |-5.00 | 4.50 | -4.00
-4.00 | 1.50 | -1.50 | -1.00 | 4.50 |-3.00 | -4.00 | 2.00
2.50 |-0.50-1.50| 2.50 | 4.00 |-1.00 |-4.50 | 1.00

Chilean Peso

Pakistani Rupee

Congolese Franc

Algerian Dinar

Vietnamese Dong

Iraqi Dinar

Tunisian Dinar

Dominican Peso

Cambodian Riel

Tongan Pa‘anga

4.50 |-1.00 | 3.50 0
3.00 | 2.50 | 2.50 EC-E-{v

Macanese Pataca

Ukrainian Hryvnia

Albanian Lek 4.00 3.50 | 2.00 | 2.50 |
Haitian Gourde 2.50 i -4.50 (L-5-1] -0.50
Macedonian Denar 3.50 2.50 | J010] 4.50 N0V

Mexican Peso 0.00 1.00 |-1.50 | 5.00
4 v
zé ) &

N
SIS
PN &
& &
S vz,’& o
& & 2
&
2
N

Figure 8: Luxury/Poverty Bias Analysis (Currency Names - Part 1): Heatmap showing associative strength for
different denominations.
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Luxury & Poverty Bias Heatmap: Currency Name (Part 2/2)

Jordanian Dinar JZ319] 0.00 [ 0.00 [ 2.00 [E T 2.50 4.50 -5.00 [6.00| -4.00 EXTY 1)
Uruguayan Peso | 5,50 | 2.50 [-2.00 e -0.50]-0.50] 2.00 |-1.00| 1.50 | 3.50 | 1.50 [FXT] 4.50
Philippine Peso {-1.00| 0.00 2.50 |51 4.00 | 0.00 "[-0.50[ 0.00]4.00]-0.50| 0.50 | 5.00
North Korean Won {5317 0.00 | 2.00 [5.00 [FFEL] 2.50 [ 0.00 | 1.00 0 7110[-1.50] 1.00 [EX T
Djiboutian Franc | 5.00 | 4.50 [-1.50] 2.50 | - '1./[-2.00] 2.00 | 1.00 J-2.50[EETN T 0.50 | 3.50
Sa0 Tomé and Principe Dobra { 4.00 [-1.00| 1.50 | 2.00 [FEL ) 1.00 | 2.50 T 0 0.00
Georgian Lari { 5,50 |-1.00[1-11] 5.50 [FLI[EX T 5.00 -1.00/1.00 | 2.00 [ 1.00 fORTY
West African CFA Franc {Z2111] 4.50 | 0.00 | 2.50 | [ [SX T 2.00 | 0.50 -0.50/5.00 ||| 4.00]3.50
Indian Rupee { 3.00 [ 0.00 | 3.00 [ 0.50 [P TT[E:X1 0.00 |71 -2.00{-1.00[ =-17] 0.00 [-1.50] 2.00
Rwandan Franc 73] 0.00 | 0.00 | 0.50 [/Z11]] 0.00 | 1.00 |-2.00]-2.00]-1.00| "] 0.50 | 0.00]3.50
Fijian Dollar fERIN 2.00 [ 0.00 | 1.50 [ 5.50 [4.50 [ 0.00 | 0.50 0.00 | 2.00 [-2.00{ 0.50 [ 1.00
East Caribbean Dollar | 4.00 | 2.00 [-2.00] 4.00 [EXTJ] 2.00 [4.00 [Z7117] 0.00 [Z251)] 4.50 |-1.00] 3.50 | 0.00
Vanuatu Vatu B0 3111] 4.50 | 1.00 |EETI1T7]-0.50] 3.50 | 0.00 |-1.00] 4.50 |-1.00 T 0.50
Libyan Dinar { 2.00 | 1.50 [ 0.00 | 3.00 [EXLN 17| 0.50 | 2.50 [EATIEATY 5.50 |1 3.00 0
Barbadian Dollar JE2010] 1.00 [-0.50] 3.00 [EX 10| =] 1.00 J-20]-1.50] 0.00 [ 2.00 0
Turkmenistani Manat {2-1'] 3.00 | 1.00 | 0.00 J[7/117]4.50] 0.50 [-2.00[-1.00] 4.50 [-2.00] 0.00 | 4.00
Guyanese Dollar { 7111 0.00 1.50 1| 4.00 |-1.50[-2.50[-0.50] 0.00 | 7-T[-1.00] 2.00 | 5.00
Seychellois Rupee {.-11)| 1.00 |-2.50[--1-11]| 4.00 | 4.50 | 1.50 | 4.00 [-0.50/-2.00| 0.00 | 0.50 | 1.50 [TXT3
Lebanese Pound JERTOIER 1] -2.50| 1.00 [ERL] 2.00 | 2.00 [-2.50 F 1) -2.50] 3.50 [-0.50]-1.00 ¢/
Mauritanian Ouguiya { 4.00 | 1.00 3.00 [EX)-2.50] 2.00 [-1.00] 4.00 | 0.00 [EXTY 1.50 |-1.00] 0.50
Argentine Peso | 2.50 | 5,50 [s-21J] 1.00 [¢:X[) 3.50 | 2.00 | 1.50 |-1.50{-0.50| 4.00 |-1.50[ 0.00 [P
Hungarian Forint ) -1.00|5.50 | 3.00 | 0.50 [T 2.00 3.00 [5.50 | 7-1[-0.50[-1.00[ "
Bulgarian Lev { 5,00 [Z211)] 0.50 [4.50 [EXEL) /[ 0.00-2.00|-1.50] 2.00 | 4.50 [-2.50] 0.00 | 71"
Bosnia and Herzegovina Convertible Mark | 4.50 | 0.50 [ 5.00 | 4.00 [EX|7/11] 4.50 1) '5:50 ) 1.00
Maldivian Rufiyaa 1[-2.50] 0.00 |-1.50 {3 2.00 [ 4.50 | 0.50 |-0.50[ 1] 5.50 | 3.50 | 3.00 [ 4.00
Czech koruna {53011 0.00 | 4.00 [T ERELNENT 1.00 [Z17) 1.00 | 5.50 | 2.00 | 0.00 FETETXL
Brunei Dollar { -+ -111|-1.00 5.00 J|/11]5.50] 0.50 [-2.00[-2.00] 4.00 |-1.00] 0.00 | 5.00
Armenian Dram JERTONE-R ) 0.00 | 8.00 [-1.00 1) 4.50 [-2.50] 3.50 [
Moroccan Dirham {111 0.00 [ 4.00 [CH) 1] 3.50 0 0 1.00 [ERLY
New Zealand Dollar 1| 2.00 [-2.50[F257)] 3.00 [ 4.00 [ 4.00 0.00 | 2.00 | 3.00 | 3.00 [EXT] 5.00] 1.00
Thai Baht £: X108 4,00 (-2.00| 2.50 | = /. 00 (X[ 1 =4.00 =400 - X: [\ R 650" BN 11 ) 8.00 E
Guinean Franc { 3.50 | 2.00 | 0.00 | 0.50 [7211] 1.00 [4.00 |-1.50] 1.50 | 2.00 [[1)]-0.50] 4.00 | 3.00 3
Romanian Leu 7] 1.50 [ 0.50] 1.00 | 5.50 [FELY 0.50 ) a.00] ' [1.00-2.00 [LXL 3
South Korean Won { 5.50 | 3.00 [ 0.50 [EALE )| 5.50 | 1.50 | 0.50 FEXT) 0.50 [ - 1[-1.50]-2.00 [E:}1" 2
Comorian Franc JEX) 5.00 |-2.00/4.00 | 0 -1.00] 1.50 [0 §100) 9.00 10¢
] United States Dollar { 3.00 | 1.00 |-2.00| 4.00 [2.\1" 11[3.50 | 0.00 [ 2.503.003.50 [ 1] 1.00 [ I %
© [ELELELLIEIE G001 16100 EF-2-11116.50 6,50 11/4.50(-2.00|-1.50| 0.50 | 5.00 -1.50 =BT -5 £
;I saint Helena Pound -FTXNY 4.00 [-1.00] 5.50 [FI: 3.00 | 3.50 [ 0.00 [ 0.00 | 3.00 | 3.50 | 3.50 [-2.50] 0.50 g
o New Taiwan Dollar { 3,50 |-1.00| 0.00 [EILIE 5.00 N7 3.50 [a.50 EDIEXTIEED -0 @
g Malaysian Ringgit {5.00 [ 0.00 | 3.50 | -1 |E 0.00 [ 110|111 -1.00[F251] 0.50 | 5.00 | 5.00 g
2 Cape Verdean Escudo { 3.00 | 2,00 | 1.50 [S- 1L ORI 1] 0.50 \[1[-1.50] 1.50 s.so\ |_5 a
Panamanian Balboa I ] 0.003.00 [EXT 11 4.00 - -1/[-1.50] 1.00 |-1.00 <
Icelandic Kréna Jv2 )] 0,00 | 3.50 [[3-10| 72| 0.00 [5.00 XYY .50 [ 2
Mauritian Rupee 1111 0.50 |-0.50(-1.00( 5.00 pKL] 2.00 |-1.00 S 1.50 11U} 5.50 %
Kazakhstani Tenge {71 [FIE0[ 55101 3.00 X)) 5.00 [ 4.50 | 3.00 | 2.00 | 3.50 | 2.00 0.50 [5.50 ?
Australian Dollar {EICI0N 5.50 [-2.00[ /11 0.00 [F/111] 3.50 [-1.50[ 0.00 | 2.00 | 5.00 250 0 =
Israeli New Shekel JE:01 11 7[1.50 |10 [EXT 3.00 | 3.00 -0.50|-2.50(F2=1] 0.00 [FATT[EEL
Russian Ruble JEXU 3.00 | 0.50 | 4.50 |21 {EXTN 1.00 [-2.50{-1.50{ 0.50 | /[ 2.00] 1.00 [NV
Bermudian Dollar LR 2.00 | 2.00 | 4.00 [EXTNERT 3.00 |-1.00 7 0.50(5.50]-0.50] 2.00 0
Bahraini Dinar - K[V 1111-0.50| 5.00 RGN 3.00 [ 4.50 N0 5,00 2.50 | -
Bahamian Dollar JCI 0.00 |-2.00/5.00 |72 ) [:X1)[5.50 | 1.50 | 1.00 | 3.00 [ - 1|-0.50[ 3.50 | 1.00
Malagasy Ariary iR 2.00 [0 2.00 | 3.00 | 5.00 [F210]-1.50] 3.00 | 0.50 721 3.50 | 4.50 0
Egyptian Pound ST 5.50 | 4.00 | 3.00 7 1.50 | 1.50 [T 2.50 | 1.50 150 5.50]5.00
Turkish Lira JEIINERTN 4.00 | 0.50 [EXTNEXTN -0.50] 0.50 [ 0.00 | 4.00 | 0.00 | 3.00 fTXT
Norwegian Krone {-1.50 [:X 1) 4.50 | 7. JEX LN 5.50 [5.00| 1.50 || 3.00 [ . [- 1] 5.50 0
Azerbaijani Manat JER) 4.50 | 3.50 [-0.50 [EXN 11 4.00 | 2.00 | 0.00 | 3.50 [F2117]-0.50] 2.00 | 3.50
United Arab Emirates Dirham SURIN-2.00] 2.50 [3.50 | /|7 | 2.50 | 2.00 | 1.50 | 2.50 0 5.00 fLXL
ranian Rial LRI 3,00 [-2.50| 4.00 [F2 I [EXT)] 5.50] 0.00 | 3.00 [ 4.50 1] 0.00 |-2.00[-2-
Swedish Krona {711 FORTY 4.00 | 7. 4.00 | - [ [[711[5.00 J0.50| 1 /]-1.00 8.50
Cayman Islands Dollar RN 1.00 0 0 00 10.00 1115.00 (-0.50( "] 3.00 ER ) 5.00 R:-B-10
Polish Ztoty { 4,50 EXT)| 5.00 | 3.00 FIXY 1.50 [7-10] 1.00 [EXTNEATY 1.50 [T 2.50
Kuwaiti Dinar JERET 2.00 | 4.00 | 2.50 [EXT)| 7 /[5.00( 5.00-1.00] 1.00 | 5.00 [-2.50] -7 [PXT:
Brazilian Real EORNY 7111] 3.50 [ 310|721 1] 2.50 [-1.50{-1.00] 4.00 [FIL0N- 211 4.00 [
Chinese Yuan { 5,50 [ERI0N 5.50 | (0] [FAT1 1,50 [-1.00] 2.50 0
singapore Dollar JCIELN 0.00 | 1.00 JEXTEX T 5.00 [-0.50] 4.00 9.50
Hong Kong Dollar FRNY] 0.50 | 3.00 g UL 3.50 [ 0.00 | 1.50 9.00
Danish Krone 2.50 [-0.50( 4.50 [ 5.50 0[6:50 8.50
Zimbabwean Gold 8.00 [EX[] 8.00 [6.50 [3.00]-2.50
Omani Rial 5.00 [ 4.00 | 5.00 [ -0.50 [ - 0
Japanese Yen 2.50 [ 4.00 /201 71 -0.50] 4.00 fLEL
British Pound Sterling -1.00| 0.00 00 00 0 0 8.50
Euro 1] 2.00 0 00/ Y1) 8:60  10.00
Saudi Riyal T 0.00 [ 3.50 |71 1.00 | 3.00 R
CFP Franc EETYEXT] 7.50] 8.00 F4:00] 9.00 9.00
Qatari Riyal o [FX ] 6.00  6.50 0 9.00
Swiss Franc -2.00/ 0.00
0\“ <Q®
o
&
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Figure 9: Luxury/Poverty Bias Analysis (Currency Names - Part 2): Heatmap showing associative strength for

different denominations.
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Luxury & Poverty Bias Heatmap: Currency Symbol (Part 1/2)

NS (Namibian Dollar) {=2.50 | =2.50 | 0.00 | 4.50 [EXCI 11 -1.00 | -0.50 | -0.50 | -0.50 | 1.50 [EEFELY 5.00 [0
Sh.So. (Somali Shilling) { =2.50 | -3.00 [ -2.00 | 4.00 |[*:30LM =711/ | 0.00 |-1.50 | 0.00 |-0.50 | -3.00 | -0.50 | 4.50 Xt
MOPS (Macanese Pataca) { 4.00 | -3.00 | -2.00 | 3.50 i[5 0[5.00 |-1.00 [-4.00| 1.50 | 2.00 [ -] -0.50 | i1t
¥ (Nigerian Naira) -3.50 | -2.50 | ) BEXGDN -1.00 IEEELN -1.50 0 D) 5.50 | -3.00 | 4.00 00
% (Indian Rupee) 0.00 [-2.00]| 2.50 50| 3.50 [-1.00 11| -3.00 | 5.00 [-2.50| 5.50 | 4.50
A (Serbian Dinar) 2.00 [-1.50 |2} 4.00 | 5.50 | 3.50 |-2.00 |-1.50 | 0.50 | 5.50 |-3.50 | -0 [0
P (Philippine Peso) 2.00 |-2.00 | 2.50 0 i1/ 4.00 [-3.00 [-1.50 | 0.00 | 4.00 |-2.00|-3.00 | /'
24 (Polish Ztoty) 1.00 | 0.00 | 4.50 N 4.00 [ 000 -1.00 1| 1.50 | 5.00 |-4.00| "' 00
B/. (Panamanian Balboa) 0.00 |-1.00 | 3.50 PCRLERCNOE 2.50 | 0.00 0 I8 2.50 (-4.00 | 3.00 0.00 -
00 (Nepalese Rupee) 1.00 | 2.50 |-0.50 | /4[| - -1 [ 1.50 |-1.50 | - -1//| 0.00 | 4.50 |-3.00 | 3.50 WC:M:{t >
RDS$ (Dominican Peso) 4.50 [-3.00|5.00 | . - 111 3.00 |-1.00 | -0.50 [EFFE[) 2.00 [-4.00]| 4.00 00 2
S/. (Peruvian Sol) | 0.00 | 2.00 |-2.50 | 3.00 BEXLN 1) [-1.00| 2.50 | 0.00 |-2.00| 3.00 |-1.00| 2.50 [EXEL 3
Sr$ (Surinamese Dollar) 1 =3.00 | 2.50 | 0.50 | 5.00 [: v MO8 3.00 | 1.50 (-1.00 | 5.50 | -1.00 | -1.50 | -2.50 00 '
nex (Macedonian Denar) i1 3.00 | 0.50 | -1 1.50 | 5.00 | 1.50 | 1.00 | 0.50 | 1.00 | 5.50 |-2.50| - - 0 é’-
Ke (Czech Koruna) { 4.00 | 1.00 |-2.00 [CILMIEICIN 5.00 | 3.00 [-2.50 | 0.50 | 4.50 | -0.50 11| 4.00 | 5.50 o
g NT$ (New Taiwan Dollar) it} 4,00 -1.50 | 4.50 K i/ 1.50 | 0.00 | 0.00 | 3.50 | 2.00 |E: LN 2.00 | 3.50 8
© ».6. (Moroccan Dirham) i[1/[-3.50| 0.50 | 5.00 [F:3:0M 5.50 [-[1| 3.50 | 2.00 | 2.00 | 3.50 |-4.00| 4.00 | -/t 102
> BZ$ (Belize Dollar) SRV -1.00 | -2.00 | -1 ETXNY S0 | 0.00 |-0.50 |-1.50 | 3.00 XN 1.00 0 [ o
> >, (Kuwaiti Dinar) 11| -1.50| 4.00 | 5.50 00 i1 1.00 | 4.00 | 0.00 | 5.50 | 2.50 |-3.50| 2.50 [\:IEL 0 ¢
< NZ$ (New Zealand Dollar) )] 0.50 [-3.00 | . [0 [IEJELN 4.50 | 0.00 | 5.00 [ 2.50 X0 1.00 | 0.50 | g
< . (Bahraini Dinar) { -3.00 | -2.50 | -1.00 0| 9.00 111 2.00 IO 2.00 | 3.00 | 4.00 |-3.50 |-1.00 0 &
2 > Jordanian Dinar) { 0.00 | -1.50 | 0.50 | 5.00 00 i) [T3700| 2.50 | 2.50 | 3.00 | 5.00 |-2.50 | 0.50 00 a
0 (Bangladeshi Taka) JICICION -3.00 | 2.00 | =101 BEXON 4.50 )| -3.00 [-4.00 | -1.00| 5.50 |-3.50 | 4.00 [ ~
J.s (Libyan Dinar) { -2.00 | 0.00 | 0.00 | 5.50 0 OO0 1.00 | 1.00 | 4.50 [-3.00 | -0.50 [0 s
2 (Ukrainian Hryvnia) JICIOON 1.00 |-0.50 | - 1) REXGON -1.50 -0 N -2.50 [-2.50 | 0.50 | 5.50 |-1.50 | 4.00 XLV -4
FJ$ (Fijian Dollar) JELIONY 2.00 | 2.00 | 5.50 00 | 6.00 1)[-1.00 [-1.50 | -1.50 | 1.00 [-4.00 | -|.|' | 4.50 S
16 (Bulgarian Lev) JAKUNIIY -1.50 | 2.00 0Q 1| 5.50 | 3.00 [-2.00[-3.00 1.00 | 5.00 |-2.50 | 3.50 [JCJEL 5
> (Tunisian Dinar) { 4.50 |=3.50 | 3.00 00 00 [ 2.00 [ 5.00 | 2.00 | 4.00 | 4.00 |-3.00| 0.00 0 %’
s$ (Singapore Dollar) JEOI1) -1.50 | -1.50 | 5.50 M [ 5.00 | -1.00 | 0.50 | 2.50 | 3.00 |-1.00 | 0.50 [Nt
7 (Mongolian Togrog) IO 2.00 | -2.00 | -1 MCXON 2.00 R0 2.00 [-3.50 | -1.00 | 5.50 |-3.00 | 4.00 00
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Figure 10: Luxury/Poverty Bias Analysis (Currency Symbols - Part 1): Evaluation of symbolic identifiers. Few
currency symbols are shown as rectangular boxes due to rendering issue.
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Luxury & Poverty Bias Heatmap: Currency Symbol (Part 2/2)
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Figure 11: Luxury/Poverty Bias Analysis (Currency Symbols - Part 2): Evaluation of symbolic identifiers. Few
currency symbols are shown as rectangular boxes due to rendering issue.
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currency_value

TWD (New Taiwan Dollar)
SDG (Sudanese Pound)
SOS (Somali Shilling)
TRY (Turkish Lira)

SRD (Surinamese Dollar)
NAD (Namibian Dollar)
JOD (Jordanian Dinar)
CRC (Costa Rican Colén)
NPR (Nepalese Rupee)
ZAR (South African Rand)
NOK (Norwegian Krone)
KWD (Kuwaiti Dinar)

SBD (Solomon Islands Dollar)
BSD (Bahamian Dollar)
RSD (Serbian Dinar)

TND (Tunisian Dinar)
LAK (Lao Kip)

AFN (Afghan Afghani)
IDR (Indonesian Rupiah)
CVE (Cape Verdean Escudo)
NGN (Nigerian Naira)

Luxury & Poverty Bias Heatmap: Currency Acronym (Part 1/2)

LRD (Liberian Do\lar)

KES (Kenyan Shilling)

UAH (Ukrainian Hryvnia)
MOP (Macanese Pataca)
BDT (Bangladeshi Taka)
SCR (Seychellois Rupee)
GNF (Guinean Franc)

MUR (Mauritian Rupee)
SAR (Saudi Riyal)

BIF (Burundian Franc)
KYD (Cayman Islands Dollar)
DZD (Algerian Dinar)

NZD (New Zealand Dollar)
TTD (Trinidad and Tobago Dollar)
SLL (Sierra Leonean Leone)
INR (Indian Rupee)

MAD (Moroccan Dirham)
LKR (Sri Lankan Rupee)
BBD (Barbadian Dollar)
KRW (South Korean Won)
TZS (Tanzanian Shilling)
DKK (Danish Krone)

GYD (Guyanese Dollar)
NIO (Nicaraguan Cérdoba)
HUF (Hungarian Forint)
LBP (Lebanese Pound)
BZD (Belize Dollar)

LSL (Lesotho Loti)

SHP (Saint Helena Pound)
FJD (Fijian Dollar)

CDF (Congolese Franc)
VND (Vietnamese Dong)
MKD (Macedonian Denar)
UZS (Uzbekistani Som)
KZT (Kazakhstani Tenge)
STN (S&o Tomé and Principe Dobra)
RWF (Rwandan Franc)

SYP (Syrian Pound)

BWP (Botswana Pula)

ISK (Icelandic Kréna)

BAM (Bosnia and Herzegovina Convertible Mark)
WST (Samoan Téla)

MDL (Moldovan Leu)

SZL (Eswatini Lilangeni)
MNT (Mongolian Togrég)
BGN (Bulgarian Lev)

COP (Colombian Peso)
PAB (Panamanian Balboa)
UYU (Uruguayan Peso)
KMF (Comorian Franc)

IRR (Iranian Rial)

MYR (Malaysian Ringgit)
BOB (Bolivian Boliviano)
LYD (Libyan Dinar)
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Figure 12: Luxury/Poverty Bias Analysis (Currency Acronyms - Part 1)
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CZK (Czech Koruna)

ZWG (Zimbabwean Gold)
ILS (Israeli New Shekel)
BND (Brunei Dollar)

AED (United Arab Emirates Dirham)
BYN (Belarusian Ruble)
HNL (Honduran Lempira)
ZMW (Zambian Kwacha)
GMD (Gambian Dalasi)

YER (Yemeni Rial)

CLP (Chilean Peso)

KGS (Kyrgyzstani Som)
RUB (Russian Ruble)

BRL (Brazilian Real)

XCD (East Caribbean Dollar)
SEK (Swedish Krona)

SSP (South Sudanese Pound)
PHP (Philippine Peso)

BTN (Bhutanese Ngultrum)
PEN (Peruvian Sol)

SGD (Singapore Dollar)
MXN (Mexican Peso)

PLN (Polish Ztoty)

THB (Thai Baht)

DJF (Djiboutian Franc)

MWK (Malawian Kwacha)
AUD (Australian Dollar)
JMD (Jamaican Dollar)

MZN (Mozambican Metical)
CNY (Chinese Yuan)

OMR (Omani Rial)

XAF (Central African CFA Franc)
KPW (North Korean Won)
GHS (Ghanaian Cedi)

SVC (Salvadoran Colén)
KHR (Cambodian Riel)

BMD (Bermudian Dollar)
AZN (Azerbaijani Manat)
DOP (Dominican Peso)

MRU (Mauritanian Ouguiya)
TJS (Tajikistani Somoni)
PYG (Paraguayan Guarani)
USD (United States Dollar)
ERN (Eritrean Nakfa)

PKR (Pakistani Rupee)

QAR (Qatari Riyal)

RON (Romanian Leu)

CAD (Canadian Dollar)

GEL (Georgian Lari)

VES (Venezuelan Bolivar)
MGA (Malagasy Ariary)
BHD (Bahraini Dinar)

MVR (Maldivian Rufiyaa)
MMK (Myanmar Kyat)

ARS (Argentine Peso)

HKD (Hong Kong Dollar)
TMT (Turkmenistani Manat)
1QD (Iragi Dinar)

XOF (West African CFA Franc)
CHF (Swiss Franc)

VUV (Vanuatu Vatu)

UGX (Ugandan Shilling)
XPF (CFP Franc)

AMD (Armenian Dram)

JPY (Japanese Yen)

EGP (Egyptian Pound)

AOA (Angolan Kwanza)
PGK (Papua New Guinean Kina)
CUP (Cuban Peso)

EUR (Euro)

GTQ (Guatemalan Quetzal)
ALL (Albanian Lek)

ETB (Ethiopian Birr)

GBP (British Pound Sterling)
HTG (Haitian Gourde)

TOP (Tongan Pa‘anga)

currency_value

Luxury & Poverty Bias Heatmap: Currency Acronym (Part 2/2)
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Figure 13: Luxury/Poverty Bias Analysis (Currency Acronyms - Part 2)
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Figure 14: Malice Association Analysis (Currency Names - Part 1).
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Terrorism & Lawful Currency Bias Heatmap: Currency Name (Part 2/2)

Macedonian Denar
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Swiss Franc
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Polish Ztoty

Figure 15: Malice Association Analysis (Currency Names - Part 2).
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currency_value

Terrorism & Lawful Currency Bias Heatmap: Currency Acronym (Part 1/2)

TWD (New Taiwan Dollar)

MAD (Moroccan Dirham)

TTD (Trinidad and Tobago Dollar)
SAR (Saudi Riyal)

TMT (Turkmenistani Manat)

CVE (Cape Verdean Escudo)
KHR (Cambodian Riel)

QAR (Qatari Riyal)

TND (Tunisian Dinar)

TRY (Turkish Lira)

BAM (Bosnia and Herzegovina Convertible Mark)

TZS (Tanzanian Shilling)

PKR (Pakistani Rupee)

SOS (Somali Shilling)
BTN (Bhutanese Ngultrum)

TJS (Tajikistani Somoni)

BND (Brunei Dollar)

DJF (Djiboutian Franc)

KZT (Kazakhstani Tenge)

AED (United Arab Emirates Dirham)
BZD (Belize Dollar)

BDT (Bangladeshi Taka)

XCD (East Caribbean Dollar)

DZD (Algerian Dinar)

AFN (Afghan Afghani)

XAF (Central African CFA Franc)

HTG (Haitian Gourde)

COP (Colombian Peso)
PEN (Peruvian Sol)
THB (Thai Baht)

DKK (Danish Krone)

KMF (Comorian Franc)

ZAR (South African Rand)
RUB (Russian Ruble)

INR (Indian Rupee)

HUF (Hungarian Forint)
FD (Fijian Dollar)

1QD (Iragi Dinar)
GTQ (Guatemalan Quetzal)
RON (Romanian Leu)

PAB (Panamanian Balboa)
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Figure 16: Malice Association Analysis (Currency Acronyms - Part 1)
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currency_value

Terrorism & Lawful Currency Bias Heatmap: Currency Acronym (Part 2/2)

RSD (Serbian Dinar) 7.00 7:00)7:00] -3.00 [EXTN 7.00 | 7.00 | 8.00

MWK (Malawian Kwacha) { 3.00 | 5.00 | 2.00 | 8.00 [7.00 [EXTY 7-00 7.00 EXIJ s-00

BOB (Bolivian Boliviano) [ 2.00 | 9.00 | 5.00 |21 BT 171001 i7:00) XX 8-00

GEL (Georgian Lari){ 4.00 | 201U 2.00 | AT w2 | R 21T IR w2 3.00 | 5.00 [ /11 4.00 [ 201
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GYD (Guyanese Dollar) { 4. N 8.00 mm EELN 5.00 B 9.00
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| 2.00 |
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Figure 17: Malice Association AH2I§%i3 (Currency Acronyms - Part 2).
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B.3 Robustness to Attribute Choice and
Anchor Templates

We analyze the robustness of our bias measure-
ments with respect to (i) attribute selection and (ii)
anchor prompt templates. The seed attributes are
chosen as representative descriptors of economic
status and financial semantics.

Bootstrap Confidence Intervals. We estimate
uncertainty via bootstrap resampling over attribute
sets (sampling with replacement). For each model
and notation type, we report the mean bias score
(measured via Difference of Median Rank, DMR)
along with 95% confidence intervals (CI). Across
all settings, the CI ranges are consistently nar-
row (typically within £0.10), indicating stable es-
timates. Positive values indicate bias.

Anchor Template Sensitivity. We evaluate
three anchor templates (e.g., Illustrates {attribute}”,
Lifestyle characterized by attribute”, and “State of
attribute”). Results across templates consistently
show the presence of bias across models, indicating
robustness to prompt phrasing.
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Table 6: Bootstrap estimates (mean + 95% CI) for anchor template: “Illustrates {attribute}”.

Model Name Acronym Symbol
LaBSE 3.0826 4+ 0.0745 3.0683 £ 0.0659 2.7364 + 0.0625
Qwen3-Embedding-0.6B 3.3484 + 0.0855 3.1883 + 0.0870 2.4924 + 0.0775

all-mpnet-base-v2 3.9151 £ 0.0780
bge-m3 3.3127 £+ 0.0640
embeddinggemma-300M 2.5080 + 0.0980
finance-embeddings 2.7742 + 0.0705
multilingual-e5-large 2.7202 £ 0.0785
multilingual-e5-instruct  3.3142 + 0.0860
paraphrase-multilingual  4.0851 + 0.1140
snowflake-arctic-m-v1.5 2.6252 £ 0.0705

2.9221 £+ 0.0875
2.4284 £ 0.0635
3.0186 £+ 0.0855
1.9503 £ 0.0885
2.8782 £ 0.0735
2.2534 + 0.0735
1.7973 £+ 0.0805
2.6025 £+ 0.0615

2.5890 £ 0.0680
2.1043 £ 0.0675
2.6216 + 0.0940
1.7308 £ 0.0770
2.0084 £ 0.0595
2.4800 £+ 0.1010
1.2572 + 0.0560
2.1770 £+ 0.0640

Table 7: Bootstrap estimates (mean + 95% CI) for anchor template: “Lifestyle characterized by {attribute}”.

Model Name Acronym Symbol

LaBSE 2.6601 4+ 0.0662 3.0236 + 0.0675 2.9212 £ 0.0698
Qwen3-Embedding-0.6B 5.0281 + 0.0674 4.3500 4+ 0.0769 2.8640 4+ 0.0850
all-mpnet-base-v2 4.4209 + 0.0594 3.5771 £0.0945 3.1656 4+ 0.0941
bge-m3 3.3011 +0.0714 2.7455 + 0.0557 2.0486 + 0.0634

embeddinggemma-300M 3.0242 + 0.0751
finance-embeddings 4.1492 £+ 0.0650
multilingual-e5-large 3.3907 £ 0.0737
multilingual-e5-instruct  4.3688 + 0.0793
paraphrase-multilingual  5.0229 + 0.1058
snowflake-arctic-m-v1.5 3.0258 £ 0.0665

3.1823 £ 0.0751
2.5929 £ 0.0840
2.9364 + 0.0539
3.1893 £+ 0.0767
2.6522 £ 0.0974
3.1106 £ 0.0604

2.9239 £+ 0.0864
2.1129 £ 0.0575
2.7949 £ 0.0658
3.3417 £ 0.0728
1.7949 £ 0.0745
3.1939 £ 0.0838

Table 8: Bootstrap estimates (mean 4+ 95% CI) for anchor template: “State of {attribute}”.

Model Name

Acronym

Symbol

LaBSE
Qwen3-Embedding-0.6B
all-mpnet-base-v2
bge-m3
embeddinggemma-300M
finance-embeddings
multilingual-e5-large
multilingual-e5-instruct
paraphrase-multilingual
snowflake-arctic-m-v1.5

298 £0.07
2.73 £0.08
3.98 £0.08
3.14 £0.07
2.63 £0.09
1.59 £+ 0.07
2.64 £ 0.07
3.24 £0.08
4.01 £0.12
3.09 £0.07

3.11 £ 0.06
2.52 £ 0.08
3.03 £0.09
3.28 £0.06
2.50 £ 0.06
1.14 + 0.06
247 £0.07
241 £0.08
1.86 £ 0.08
2.83 £0.07

2.57 £0.07
1.66 + 0.07
2.80 £ 0.08
2.65 +£ 0.07
2.20 £ 0.08
0.86 + 0.04
1.93 £0.05
2.66 = 0.09
1.26 £0.06
2.49 +£0.09
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C Semantic Similarity task: Currency
wise results

We present the Best and Worst Currency Wise Per-
formance Analysis for the STS task.

We further calculate the aggregated mean and
standard deviation of Spearman correlations for the
five highest-performing and five lowest-performing
currencies per model. This grouping captures the
significant performance gap between top perform-
ing and worst performing different currencies.

42673



Table 9: STS Task : Best and Worst Currency Wise Performance Analysis

Mean £+ Std.Dewv.
Model Name Performance Currency
finance-embeddings-investopedia  Top New Zealand Dollar 0.2907 £ 0.0065
Euro 0.2874 £ 0.0061
Hong Kong Dollar 0.2853 £ 0.0068

Indian Rupee
Japanese Yen

0.2849 £+ 0.0232
0.2845 £ 0.0112

Bottom Cayman Islands Dollar
Mongolian Togrog
Saudi Riyal
Bulgarian Lev
Armenian Dram

0.2558 £ 0.0286
0.2552 £ 0.0407
0.255 £ 0.0314
0.2548 + 0.0307
0.2502 £ 0.0336

gte-large-en-v1.5 Top Philippine Peso
Indian Rupee
Hong Kong Dollar
Mexican Peso
Japanese Yen

0.4322 £+ 0.0222
0.418 +0.0116
0.4136 £ 0.0091
0.4079 £ 0.0185
0.4022 £ 0.0082

Bottom Panamanian Balboa
Macedonian Denar
Cambodian Riel
Tongan Pa’anga
Peruvian Sol

0.3609 £ 0.0455
0.3567 4= 0.0405
0.3557 £ 0.0383
0.3505 £ 0.0397
0.3489 £+ 0.0382

gte-multilingual-base Top Libyan Dinar
Jordanian Dinar
Kuwaiti Dinar
Algerian Dinar
Iraqi Dinar

0.4637 £ 0.0153
0.4634 £+ 0.0142
0.4631 = 0.0136
0.4624 £ 0.0139
0.4624 £ 0.0131

Bottom Cambodian Riel
United States Dollar
Nigerian Naira

0.4343 £ 0.0215
0.4341 £ 0.0108
0.4327 +0.0193

Cayman Islands Dollar 0.4318 £ 0.0263
Ghanaian Cedi 0.4256 + 0.0321
jina-embeddings-v2-base-en Top Afghan Afghani 0.4346 £ 0.0272

Chinese Yuan
United States Dollar
Australian Dollar
Canadian Dollar

0.4324 £0.0071
0.4309 £+ 0.0084
0.4307 £ 0.0231
0.4299 £+ 0.0123

Bottom Trinidad and Tobago Dollar
Brazilian Real
Solomon Islands Dollar
Macanese Pataca
East Caribbean Dollar

0.4048 £ 0.0259
0.4029 £ 0.0239
0.4018 £ 0.0216
0.4018 £0.0171
0.3973 £0.021
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Table 10: STS Task : Best and Worst Currency Wise Performance Analysis

Mean £ Std.Dev.

Model Name Performance Currency
bge-m3 Top Polish Ztoty 0.4583 £ 0.0162
Belize Dollar 0.4579 £ 0.0256
Turkish Lira 0.4561 £+ 0.0215
New Zealand Dollar 0.4557 £0.0104
New Taiwan Dollar 0.4552 £ 0.0264
Bottom Peruvian Sol 0.4173 £ 0.0502
Ghanaian Cedi 0.4159 £0.054
Paraguayan Guarani 0.4138 £ 0.0512
Panamanian Balboa 0.4098 £ 0.0596
Nepalese Rupee 0.4095 + 0.0429
snowflake-arctic-embed-m-v1.5 Top New Zealand Dollar 0.4457 £ 0.0157
Fijian Dollar 0.4445 4+ 0.0326
Mexican Peso 0.4429 £ 0.0293
Iraqi Dinar 0.4401 £ 0.0435
Philippine Peso 0.4394 £ 0.0234
Bottom Tongan Pa’anga 0.4017 £ 0.0438
Cambodian Riel 0.4015 £ 0.046
New Taiwan Dollar 0.4006 £ 0.0395
Ghanaian Cedi 0.3971 £ 0.0638
Mongolian Togrog 0.3759 £0.0777
paraphrase-multilingual-mpnet-base-v2  Top Macedonian Denar 0.3057 £ 0.0254
Bahraini Dinar 0.3051 £ 0.0255
Bulgarian Lev 0.3047 £ 0.0247
Costa Rican Colén 0.3026 £ 0.0177
Iraqi Dinar 0.3019 £ 0.0203
Bottom United States Dollar 0.2636 £ 0.0081
Macanese Pataca 0.2611 £ 0.0226
Euro 0.2585 £ 0.0117
New Zealand Dollar 0.2538 £ 0.0164
Hong Kong Dollar 0.2509 £ 0.0164
all-mpnet-base-v2 Top Bahraini Dinar 0.2995 £ 0.0293
Belize Dollar 0.2976 £ 0.0071
Fijian Dollar 0.2971 £0.0192
Serbian Dinar 0.2969 + 0.0232
Algerian Dinar 0.2954 £ 0.0229
Bottom Nepalese Rupee 0.2619 + 0.0202
Somali Shilling 0.2608 £ 0.0183

Chinese Yuan

British Pound Sterling

Indian Rupee

0.2598 £ 0.0178
0.2589 £ 0.011
0.2589 £ 0.013
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Table 11: STS Task : Best and Worst Currency Wise Performance Analysis

Mean + Std.Dev.
Model Name Performance Currency
Qwen3-Embedding-0.6B Top Belize Dollar 0.4503 £ 0.0134
New Zealand Dollar ~ 0.4493 £ 0.0105
Czech Koruna 0.4424 + 0.0236
Japanese Yen 0.4421 £ 0.0104
Ghanaian Cedi 0.4419 £ 0.0268
Bottom Tongan Pa’anga 0.4164 £ 0.022
Kazakhstani Tenge 0.4152 £ 0.0259
Israeli New Shekel 0.4136 £+ 0.029
Peruvian Sol 0.4118 £ 0.0256
Russian Ruble 0.4114 £ 0.0237
embeddinggemma-300M Top Turkish Lira 0.4794 £ 0.0063
Philippine Peso 0.4737 £ 0.0095
New Zealand Dollar ~ 0.4734 £ 0.0058
Nigerian Naira 0.4732 £ 0.0097
Polish Ztoty 0.4728 £0.0154
Bottom Peruvian Sol 0.4306 £ 0.0239
Uruguayan Peso 0.4278 £ 0.0401
Serbian Dinar 0.426 4+ 0.0272
Cambodian Riel 0.4251 £ 0.0296
Armenian Dram 0.422 4+ 0.0332
multilingual-e5-large-instruct  Top Czech Koruna 0.5362 £ 0.0208
Thai Baht 0.5239 £ 0.0161
Polish Ztoty 0.5232 £ 0.0153
Macedonian Denar 0.5228 £ 0.0277
Bulgarian Lev 0.5214 £ 0.0246
Bottom Armenian Dram 0.4881 £ 0.0252
Paraguayan Guarani  0.4844 + 0.0281
Afghan Afghani 0.484 +0.0144
Ghanaian Cedi 0.4801 £ 0.023
Macanese Pataca 0.4796 + 0.0204
multilingual-e5-large Top Thai Baht 0.5058 £ 0.016
Bulgarian Lev 0.5049 +£ 0.0202
Namibian Dollar 0.5044 £ 0.0207
Czech Koruna 0.5042 £ 0.0166
Indian Rupee 0.5036 £ 0.0104
Bottom Paraguayan Guarani  0.4736 + 0.0231

Costa Rican Colén
Afghan Afghani
Ghanaian Cedi
Macanese Pataca

0.4736 £ 0.0185
0.4704 £0.0177
0.4702 £ 0.0264
0.4585 £ 0.0292
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Table 12: STS Task : Best and Worst Currency Wise Performance Analysis

Mean + Std.Dev.
Model Name Performance Currency
LaBSE Top Indian Rupee 0.5041 £ 0.0069
Azerbaijani Manat 0.5032 £ 0.027
Qatari Riyal 0.5002 £+ 0.01
Afghan Afghani 0.4998 £ 0.0243
Georgian Lari 0.4978 £0.0175
Bottom Peruvian Sol 0.4741 £0.018
Thai Baht 0.4727 £0.019
Cambodian Riel 0.4721 £ 0.0296
Trinidad and Tobago Dollar  0.4718 &£ 0.0234
Mongolian Togrog 0.4661 £ 0.0222
finbert Top Paraguayan Guarani 0.2509 £ 0.0326
Moroccan Dirham 0.2479 £ 0.0251
Costa Rican Colén 0.2461 £ 0.0243
Armenian Dram 0.2441 £+ 0.0246
Ukrainian Hryvnia 0.2431 £ 0.0317
Bottom British Pound Sterling 0.2157 4+ 0.0207
East Caribbean Dollar 0.2127 £ 0.0139
Indian Rupee 0.2122 £0.0131
Singapore Dollar 0.2104 £ 0.0222

Australian Dollar

0.2011 £ 0.0229

Table 13: Aggregated mean and standard deviation of Spearman correlation for top-5 and bottom-5 currencies per
model.

Model Name Top-5 Currencies Bottom-5 Currencies

gte-large-en-v1.5
gte-multilingual-base
bge-m3

finance-embeddings-investopedia

finbert
Qwen3-Embedding-0.6B

snowflake-arctic-embed-m-v1.5

embeddinggemma-300M
multilingual-e5-large

multilingual-e5-large-instruct

jina-embeddings-v2-base-en
LaBSE
all-mpnet-base-v2

paraphrase-multilingual-mpnet-base-v2

0.4148 £0.0114
0.4630 £ 0.0006
0.4566 = 0.0014
0.2866 £ 0.0026
0.2464 £ 0.0031
0.4452 £ 0.0042
0.4425 £ 0.0027
0.4745 £ 0.0028
0.5046 £ 0.0008
0.5255 £ 0.0061
0.4317 +£0.0019
0.5010 £+ 0.0026
0.2973 £ 0.0015
0.3040 = 0.0017

0.3545 £ 0.0049
0.4317 £ 0.0036
0.4133 £ 0.0035
0.2542 £+ 0.0023
0.2104 4 0.0055
0.4137 £ 0.0021
0.3954 £ 0.0110
0.4263 £ 0.0032
0.4693 £ 0.0062
0.4832 £ 0.0035
0.4017 £ 0.0028
0.4714 £ 0.0031
0.2601 £+ 0.0013
0.2576 4 0.0052
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D Syntax Gap: Model wise results

This section provides a granular, model-wise break-
down of the Syntax Gap across the full suite
of evaluated text embedding models. Tables 14
through 27 summarize the top and bottom five
currencies for each model, ranked by their Aver-
age MRR across four distinct mapping scenarios:
Acronym<->Name and Symbol<->Name. These
summaries highlight the varying capacities of dif-
ferent architectures-ranging from finance-specific
models like FinBERT and Investopedia-based em-
beddings to large-scale multilingual models like
ES5, GTE.
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Table 14: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:
FinLang finance-embeddings-investopedia

Acronym — Currency Name

Currency Name — Acronym ‘

| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |
Top 5 British Pound Sterling 1.0000 = 0.0000 Top 5 Japanese Yen 1.0000 £ 0.0000
New Zealand Dollar 1.0000 £ 0.0000 Euro 1.0000 £ 0.0000
United States Dollar 1.0000 + 0.0000 British Pound Sterling 1.0000 + 0.0000
Japanese Yen 1.0000 =+ 0.0000 United States Dollar 0.7500 +£ 0.2500
Canadian Dollar 1.0000 =+ 0.0000 Armenian Dram 0.7500 £ 0.2500
Bottom 5 | Eswatini Lilangeni 0.0049 £ 0.0016 Bottom 5 Romanian Leu 0.0050 £ 0.0017
Sao Tomé and Principe Dobra | 0.0050 4 0.0017 West African CFA Franc | 0.0052 & 0.0016
Salvadoran Colén 0.0050 4 0.0017 Ethiopian Birr 0.0054 4 0.0018
Tajikistani Somoni 0.0052 £ 0.0018 Cape Verdean Escudo 0.0054 £ 0.0016
Sierra Leonean Leone 0.0052 £ 0.0018 Congolese Franc 0.0054 £ 0.0016
\ Symbol — Currency Name Currency Name — Symbol
| Type | Currency | Mean £ Std MRR || Type | Currency | Mean + Std MRR |
Top 5 Indian Rupee 1.0000 =+ 0.0000 Top 5 Japanese Yen 1.0000 =+ 0.0000
Hong Kong Dollar 1.0000 £ 0.0000 Euro 1.0000 =+ 0.0000
New Zealand Dollar 1.0000 = 0.0000 New Zealand Dollar 1.0000 = 0.0000
Philippine Peso 1.0000 + 0.0000 Hong Kong Dollar 0.7500 +£ 0.2500
Japanese Yen 0.7500 £ 0.2500 Somali Shilling 0.7500 £ 0.2500
Bottom 5 Ukrainian Hryvnia 0.0101 £ 0.0034 Bottom 5 Libyan Dinar 0.0103 £ 0.0032
Ghanaian Cedi 0.0103 £ 0.0035 Tunisian Dinar 0.0110 £ 0.0027
Lao Kip 0.0104 4 0.0035 Algerian Dinar 0.0114 £ 0.0027
Tongan Paanga 0.0106 £ 0.0037 Brazilian Real 0.0117 £ 0.0043
Israeli New Shekel 0.0109 +£ 0.0038 Sudanese Pound 0.0123 £ 0.0031

Table 15: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:
Alibaba-NLP gte-large-en-v1.5

Acronym — Currency Name

Currency Name — Acronym |

| Type | Currency | Mean & Std MRR || Type | Currency | Mean & Std MRR |

Top 5 United Arab Emirates Dirham 1.0000 =+ 0.0000 Top 5 United Arab Emirates Dirham 1.0000 =+ 0.0000
Argentine Peso 1.0000 =£ 0.0000 Australian Dollar 1.0000 + 0.0000
Australian Dollar 1.0000 £ 0.0000 South African Rand 1.0000 +£ 0.0000
Brunei Dollar 1.0000 £ 0.0000 Trinidad and Tobago Dollar 1.0000 =+ 0.0000
Brazilian Real 1.0000 + 0.0000 Vietnamese Dong 1.0000 + 0.0000

Bottom 5 | Tongan Paanga 0.0049 £ 0.0016 Bottom 5 | Samoan Tala 0.0070 £ 0.0028
Mongolian Togrog 0.0050 £ 0.0017 Mauritanian Ouguiya 0.0071 +£ 0.0028
Eswatini Lilangeni 0.0053 £ 0.0018 Tongan Paanga 0.0080 + 0.0034
Mauritanian Ouguiya 0.0054 £ 0.0020 Paraguayan Guaran{ 0.0084 + 0.0035
Peruvian Sol 0.0055 =£ 0.0020 Macanese Pataca 0.0089 + 0.0040

| Symbol — Currency Name | Currency Name — Symbol |

Type Currency | Mean + Std MRR || Type Currency Mean + Std MRR

Top 5 Brazilian Real 1.0000 =+ 0.0000 Top 5 Brazilian Real 1.0000 +£ 0.0000
Philippine Peso 1.0000 =+ 0.0000 Singapore Dollar 1.0000 =+ 0.0000
Mexican Peso 1.0000 £ 0.0000 Jamaican Dollar 1.0000 £ 0.0000
Namibian Dollar 1.0000 £ 0.0000 Japanese Yen 1.0000 +£ 0.0000
Japanese Yen 1.0000 £ 0.0000 Cayman Islands Dollar 1.0000 =+ 0.0000

Bottom 5 | Mongolian Togrog 0.0103 £ 0.0035 Bottom 5 | Ghanaian Cedi 0.0142 +£ 0.0066
Tongan Paanga 0.0103 £ 0.0035 Bangladeshi Taka 0.0145 +£ 0.0060
Cambodian Riel 0.0105 £ 0.0036 Cambodian Riel 0.0163 £ 0.0071
Azerbaijani Manat 0.0106 £ 0.0037 Costa Rican Colén 0.0168 £ 0.0077
Lao Kip 0.0109 £ 0.0038 Czech Koruna 0.0173 £ 0.0044
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Table 16: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:
Alibaba-NLP gte-multilingual-base

| Acronym — Currency Name | Currency Name — Acronym |

| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |
Top 5 Australian Dollar 1.0000 =+ 0.0000 Top 5 Australian Dollar 1.0000 £ 0.0000
Hong Kong Dollar 1.0000 =+ 0.0000 Japanese Yen 1.0000 =+ 0.0000
British Pound Sterling 1.0000 =£ 0.0000 Hong Kong Dollar 1.0000 = 0.0000
Euro 1.0000 £ 0.0000 Euro 1.0000 =+ 0.0000
Danish Krone 1.0000 + 0.0000 British Pound Sterling 1.0000 =+ 0.0000
Bottom 5 Macanese Pataca 0.0055 £ 0.0020 Bottom 5 | Cape Verdean Escudo 0.0052 £ 0.0018
North Korean Won 0.0057 £ 0.0021 Ghanaian Cedi 0.0087 £ 0.0040
Bulgarian Lev 0.0064 £ 0.0026 Macanese Pataca 0.0090 =+ 0.0042
Venezuelan Bolivar 0.0064 £ 0.0026 Bosnia and Herzegovina Convertible Mark | 0.0104 £ 0.0039
Moroccan Dirham 0.0067 £ 0.0028 United Arab Emirates Dirham 0.0139 £ 0.0057
| Symbol — Currency Name | Currency Name — Symbol |
| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |
Top 5 Turkish Lira 1.0000 + 0.0000 Top 5 Brazilian Real 1.0000 =+ 0.0000
Philippine Peso 1.0000 +£ 0.0000 Bangladeshi Taka 1.0000 £ 0.0000
Mexican Peso 1.0000 =£ 0.0000 Japanese Yen 1.0000 =+ 0.0000
New Zealand Dollar 1.0000 £ 0.0000 British Pound Sterling 1.0000 =+ 0.0000
Japanese Yen 1.0000 =£ 0.0000 Indian Rupee 1.0000 =+ 0.0000
Bottom 5 Armenian Dram 0.0108 £ 0.0038 Bottom 5 Cayman Islands Dollar 0.0161 £ 0.0039
Azerbaijani Manat 0.0109 £ 0.0038 Sudanese Pound 0.0168 £ 0.0049
Macanese Pataca 0.0110 £ 0.0039 Qatari Riyal 0.0188 £ 0.0051
Afghan Afghani 0.0113 £ 0.0041 Armenian Dram 0.0219 =+ 0.0093
Mongolian Togrog 0.0117 £ 0.0043 Solomon Islands Dollar 0.0231 £ 0.0063

Table 17: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:
jina-embeddings-v2-base-en

| Acronym — Currency Name | Currency Name — Acronym |

| Type | Currency | Mean & Std MRR || Type | Currency | Mean & Std MRR |
Top 5 Hong Kong Dollar 1.0000 =£ 0.0000 Top 5 Australian Dollar 1.0000 =£ 0.0000
Euro 0.7500 £ 0.2500 United States Dollar 1.0000 =+ 0.0000
British Pound Sterling | 0.7500 =+ 0.2500 Thai Baht 1.0000 £ 0.0000
New Zealand Dollar 0.7500 £ 0.2500 New Zealand Dollar 1.0000 =+ 0.0000
Russian Ruble 0.7500 £ 0.2500 Japanese Yen 1.0000 =+ 0.0000
Bottom 5 | Mongolian Togrog 0.0049 £ 0.0016 Bottom 5 | Macanese Pataca 0.0061 £ 0.0022
Tongan Paanga 0.0050 £ 0.0017 Kyrgyzstani Som 0.0063 £ 0.0021
Eswatini Lilangeni 0.0052 £ 0.0018 Mongolian Togrog 0.0064 £ 0.0019
Lesotho Loti 0.0052 £ 0.0018 Chilean Peso 0.0065 £ 0.0011
North Korean Won 0.0054 £ 0.0020 Ugandan Shilling 0.0066 £ 0.0012
| Symbol — Currency Name | Currency Name — Symbol |
| Type | Currency | Mean + Std MRR || Type Currency | Mean + Std MRR |
Top 5 Hong Kong Dollar 1.0000 £ 0.0000 Top 5 Indian Rupee 1.0000 £ 0.0000
Euro 1.0000 =+ 0.0000 Euro 1.0000 =£ 0.0000
New Zealand Dollar 1.0000 =+ 0.0000 New Zealand Dollar 1.0000 =+ 0.0000
British Pound Sterling | 0.6666 &+ 0.3334 Polish Ztoty 1.0000 £ 0.0000
Philippine Peso 0.5250 £ 0.4750 Trinidad and Tobago Dollar 1.0000 +£ 0.0000
Bottom 5 | Tongan Paanga 0.0101 £ 0.0034 Bottom 5 | Macanese Pataca 0.0113 £ 0.0039
Mongolian Togrog 0.0103 £ 0.0035 Tongan Paanga 0.0115 £ 0.0040
Paraguayan Guaran{ 0.0105 £ 0.0036 Brazilian Real 0.0157 £ 0.0051
Lao Kip 0.0106 £ 0.0037 Lebanese Pound 0.0182 £ 0.0030
Cambodian Riel 0.0108 £ 0.0038 Solomon Islands Dollar 0.0188 £ 0.0039
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Table 18: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:

BAAI bge-m3

| Acronym — Currency Name | Currency Name — Acronym |
| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |

Top 5 British Pound Sterling 0.6250 £ 0.3750 Top 5 Vanuatu Vatu 1.0000 £ 0.0000

United States Dollar 0.6000 £ 0.4000 Ukrainian Hryvnia 1.0000 + 0.0000

Euro 0.5715 £ 0.4285 Lao Kip 1.0000 =£ 0.0000

Australian Dollar 0.5454 £ 0.4546 Lesotho Loti 1.0000 £ 0.0000

Hong Kong Dollar 0.5416 £ 0.4584 Ethiopian Birr 1.0000 + 0.0000

Bottom 5 Peruvian Sol 0.0050 £ 0.0017 Bottom 5 Moroccan Dirham 0.0052 £ 0.0015

Macanese Pataca 0.0057 £ 0.0021 Albanian Lek 0.0083 £ 0.0025

Sao Tomé and Principe Dobra | 0.0057 £ 0.0022 Sudanese Pound 0.0100 £ 0.0035

Georgian Lari 0.0060 £ 0.0023 Cuban Peso 0.0113 £ 0.0047

Tajikistani Somoni 0.0066 £ 0.0027 Sado Tomé and Principe Dobra | 0.0127 4 0.0042
| Symbol — Currency Name | Currency Name — Symbol |
| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |

Top 5 Hong Kong Dollar 0.7500 £ 0.2500 Top 5 Belize Dollar 1.0000 + 0.0000

Euro 0.5625 £ 0.4375 Euro 1.0000 + 0.0000

New Zealand Dollar 0.5500 =£ 0.4500 Russian Ruble 1.0000 =£ 0.0000

Fijian Dollar 0.5333 £ 0.4667 Polish Ztoty 1.0000 =£ 0.0000

Turkish Lira 0.5200 £ 0.4800 Vietnamese Dong 1.0000 £ 0.0000

Bottom 5 Peruvian Sol 0.0101 £ 0.0034 Bottom 5 Kuwaiti Dinar 0.0167 £ 0.0055

Armenian Dram 0.0106 £ 0.0037 Macedonian Denar 0.0213 £ 0.0081

Macanese Pataca 0.0109 £ 0.0038 Peruvian Sol 0.0221 £ 0.0112

Paraguayan Guarani 0.0110 £ 0.0039 Paraguayan Guarani 0.0226 £ 0.0097

Georgian Lari 0.0112 £ 0.0040 Azerbaijani Manat 0.0277 £ 0.0069

Table 19: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:
snowflake-arctic-embed-m-v1.5

| Acronym — Currency Name | Currency Name — Acronym |

| Type | Currency | Mean & Std MRR || Type | Currency | Mean =+ Std MRR |
Top 5 Australian Dollar 1.0000 =+ 0.0000 Top 5 Australian Dollar 1.0000 = 0.0000
New Zealand Dollar 1.0000 =£ 0.0000 United States Dollar 1.0000 + 0.0000
British Pound Sterling 0.6666 £ 0.3334 Japanese Yen 1.0000 =+ 0.0000
Japanese Yen 0.6666 £ 0.3334 Euro 1.0000 + 0.0000
United States Dollar 0.6666 £ 0.3334 British Pound Sterling 1.0000 =+ 0.0000
Bottom 5 Costa Rican Colén 0.0050 £ 0.0017 Bottom 5 North Korean Won 0.0052 £ 0.0016
Haitian Gourde 0.0050 £ 0.0017 Mauritanian Ouguiya 0.0052 4 0.0017
North Korean Won 0.0050 £ 0.0017 Cape Verdean Escudo 0.0054 £ 0.0019
Bosnia and Herzegovina Convertible Mark | 0.0052 £ 0.0018 Tajikistani Somoni 0.0056 £ 0.0019
Nicaraguan Cérdoba 0.0052 £ 0.0018 Bahamian Dollar 0.0057 £ 0.0009
| Symbol — Currency Name | Currency Name — Symbol |
| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |
Top 5 Indian Rupee 1.0000 £ 0.0000 Top 5 Euro 1.0000 £ 0.0000
Hong Kong Dollar 1.0000 + 0.0000 Chinese Yuan 1.0000 £ 0.0000
New Zealand Dollar 1.0000 =£ 0.0000 Indian Rupee 1.0000 = 0.0000
Philippine Peso 0.5167 £ 0.4834 Polish Ztoty 1.0000 =+ 0.0000
Mexican Peso 0.5084 £ 0.4915 New Zealand Dollar 1.0000 £ 0.0000
Bottom 5 Costa Rican Colén 0.0101 £ 0.0034 Bottom 5 Sudanese Pound 0.0107 £ 0.0031
Panamanian Balboa 0.0103 £ 0.0035 Peruvian Sol 0.0113 £ 0.0036
Israeli New Shekel 0.0105 £ 0.0036 Czech Koruna 0.0116 4 0.0033
Peruvian Sol 0.0108 £ 0.0038 Dominican Peso 0.0136 £ 0.0036
Czech Koruna 0.0113 £ 0.0041 Liberian Dollar 0.0144 £ 0.0038
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Table 20: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:

sentence-transformers paraphrase-multilingual-mpnet-base-v2

Acronym — Currency Name \

Currency Name — Acronym ‘

| Type | Currency | Mean + Std MRR || Type Currency | Mean + Std MRR |
Top 5 Euro 1.0000 + 0.0000 Top 5 British Pound Sterling 1.0000 + 0.0000
Hong Kong Dollar 1.0000 =+ 0.0000 New Zealand Dollar 1.0000 =+ 0.0000
United States Dollar 1.0000 £ 0.0000 United States Dollar 1.0000 =+ 0.0000
New Zealand Dollar 1.0000 £ 0.0000 Euro 1.0000 +£ 0.0000
British Pound Sterling 1.0000 =£ 0.0000 Swiss Franc 1.0000 =+ 0.0000
Bottom 5 Eritrean Nakfa 0.0053 £ 0.0019 Bottom 5 Solomon Islands Dollar 0.0055 £ 0.0012
Lesotho Loti 0.0053 £ 0.0018 Ugandan Shilling 0.0055 4 0.0016
Tongan Paanga 0.0053 £ 0.0018 Sudanese Pound 0.0056 4 0.0014
Salvadoran Colén 0.0055 £ 0.0020 Ghanaian Cedi 0.0057 £ 0.0019
Afghan Afghani 0.0056 £ 0.0020 Bahamian Dollar 0.0058 +£ 0.0009
\ Symbol — Currency Name Currency Name — Symbol
| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |
Top 5 New Zealand Dollar 1.0000 + 0.0000 Top 5 Indian Rupee 1.0000 + 0.0000
Hong Kong Dollar 1.0000 + 0.0000 Euro 1.0000 =+ 0.0000
United States Dollar 1.0000 =+ 0.0000 Japanese Yen 1.0000 =+ 0.0000
Euro 0.7500 £ 0.2500 Hong Kong Dollar 1.0000 + 0.0000
British Pound Sterling 0.7500 £ 0.2500 New Zealand Dollar 1.0000 =+ 0.0000
Bottom 5 Georgian Lari 0.0103 £ 0.0035 Bottom 5 Dominican Peso 0.0121 £ 0.0038

Costa Rican Colén
Israeli New Shekel
Afghan Afghani
Paraguayan Guarani

0.0105 £ 0.0036
0.0106 £ 0.0037
0.0109 £ 0.0038
0.0112 £ 0.0040

Uruguayan Peso
Solomon Islands Dollar
Mongolian Togrog
Fijian Dollar

0.0138 £ 0.0041
0.0140 £ 0.0019
0.0142 +£ 0.0042
0.0151 +£ 0.0021

Table 21: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:

sentence-transformers all-mpnet-base-v2

Acronym — Currency Name |

Currency Name — Acronym |

| Type | Currency | Mean & Std MRR || Type | Currency | Mean & Std MRR |
Top 5 Australian Dollar 1.0000 =+ 0.0000 Top 5 Australian Dollar 1.0000 £ 0.0000
New Zealand Dollar 1.0000 =£ 0.0000 New Zealand Dollar 1.0000 + 0.0000
United States Dollar 1.0000 =£ 0.0000 United States Dollar 1.0000 =+ 0.0000
Japanese Yen 1.0000 £ 0.0000 Euro 1.0000 =+ 0.0000
British Pound Sterling 1.0000 =+ 0.0000 British Pound Sterling 1.0000 £ 0.0000
Bottom 5 | Eswatini Lilangeni 0.0051 £ 0.0017 Bottom 5 | Sudanese Pound 0.0052 £ 0.0014
Paraguayan Guaran{ 0.0052 £ 0.0018 Albanian Lek 0.0053 £ 0.0018
Tongan Paanga 0.0052 £ 0.0018 Turkish Lira 0.0058 £ 0.0016
Peruvian Sol 0.0053 £ 0.0019 Lesotho Loti 0.0059 £ 0.0022
Mongolian Togrog 0.0053 £ 0.0018 Ghanaian Cedi 0.0059 =+ 0.0022
| Symbol — Currency Name | Currency Name — Symbol |
Type Currency | Mean + Std MRR || Type Currency | Mean + Std MRR
Top 5 Hong Kong Dollar 1.0000 £ 0.0000 Top 5 Bulgarian Lev 1.0000 £ 0.0000
Chinese Yuan 1.0000 + 0.0000 United States Dollar 1.0000 + 0.0000
New Zealand Dollar 1.0000 =£ 0.0000 New Zealand Dollar 1.0000 = 0.0000
Philippine Peso 1.0000 £ 0.0000 Philippine Peso 1.0000 =+ 0.0000
Polish Ztoty 1.0000 £ 0.0000 Japanese Yen 1.0000 =+ 0.0000
Bottom 5 Georgian Lari 0.0103 £ 0.0035 Bottom 5 Paraguayan Guarani 0.0150 £ 0.0058

Paraguayan Guarani
Costa Rican Colén
Tongan Paanga
Afghan Afghani

0.0104 £ 0.0035
0.0105 £ 0.0036
0.0105 £ 0.0036

0.0106 £ 0.0037

Costa Rican Colén
Nigerian Naira
Georgian Lari
Armenian Dram

0.0152 £ 0.0071
0.0154 £ 0.0059
0.0162 £ 0.0061
0.0166 £ 0.0062
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Table 22: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:

Qwen3-Embedding-0.6B

Table 23: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:

Acronym — Currency Name

Currency Name — Acronym ‘

| Type Currency | Mean + Std MRR || Type Currency Mean =+ Std MRR |
Top 5 Australian Dollar 1.0000 + 0.0000 Top 5 Bangladeshi Taka 1.0000 =+ 0.0000
Brazilian Real 1.0000 + 0.0000 Brazilian Real 1.0000 + 0.0000
Russian Ruble 1.0000 =£ 0.0000 Sri Lankan Rupee 1.0000 = 0.0000
Japanese Yen 1.0000 £ 0.0000 British Pound Sterling 1.0000 =+ 0.0000
South Korean Won 1.0000 =£ 0.0000 Danish Krone 1.0000 £ 0.0000
Bottom 5 Armenian Dram 0.0050 £ 0.0017 Bottom 5 Seychellois Rupee 0.0055 £ 0.0017
Comorian Franc 0.0050 £ 0.0017 Cayman Islands Dollar | 0.0056 & 0.0015
Samoan Tala 0.0052 £ 0.0018 Djiboutian Franc 0.0056 4 0.0018
Tongan Paanga 0.0052 £ 0.0018 Comorian Franc 0.0062 £ 0.0023
Paraguayan Guarani 0.0053 £ 0.0019 Samoan Tala 0.0065 £ 0.0025
| Symbol — Currency Name | Currency Name — Symbol |
| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |
Top 5 Indian Rupee 1.0000 + 0.0000 Top 5 Bulgarian Lev 1.0000 =+ 0.0000
Czech Koruna 1.0000 + 0.0000 Brazilian Real 1.0000 £ 0.0000
Thai Baht 1.0000 £ 0.0000 British Pound Sterling 1.0000 =+ 0.0000
British Pound Sterling | 0.7500 &+ 0.2500 Thai Baht 1.0000 + 0.0000
Mexican Peso 0.7500 £ 0.2500 Polish Ztoty 1.0000 =+ 0.0000
Bottom 5 Paraguayan Guaran{ 0.0104 £ 0.0035 Bottom 5 Sudanese Pound 0.0112 £ 0.0034

Armenian Dram

Lao Kip
Syrian Pound

Mongolian Togrog

0.0105 £ 0.0036
0.0106 £ 0.0037
0.0109 £ 0.0038
0.0110 £ 0.0039

Paraguayan Guaran{
Lao Kip
Surinamese Dollar
Serbian Dinar

0.0115 £ 0.0041
0.0135 £ 0.0054
0.0182 £ 0.0062
0.0186 £ 0.0077

google embeddinggemma-300M

Acronym — Currency Name |

Currency Name — Acronym |

| Type | Currency | Mean & Std MRR || Type | Currency | Mean & Std MRR |
Top 5 Australian Dollar 1.0000 £ 0.0000 Top 5 United Arab Emirates Dirham 1.0000 =+ 0.0000
Brazilian Real 1.0000 =+ 0.0000 Australian Dollar 1.0000 + 0.0000
Danish Krone 1.0000 =£ 0.0000 Botswana Pula 1.0000 + 0.0000
Czech Koruna 1.0000 =£ 0.0000 Brazilian Real 1.0000 = 0.0000
United States Dollar 1.0000 + 0.0000 Thai Baht 1.0000 +£ 0.0000
Bottom 5 Salvadoran Colén 0.0055 £ 0.0020 Bottom 5 Albanian Lek 0.0073 £ 0.0026
Macanese Pataca 0.0056 £ 0.0021 Burundian Franc 0.0091 + 0.0027
Armenian Dram 0.0056 £ 0.0020 Somali Shilling 0.0095 +£ 0.0035
Angolan Kwanza 0.0057 £ 0.0021 South Sudanese Pound 0.0101 +£ 0.0034
Maldivian Rufiyaa 0.0060 =+ 0.0023 Samoan Tala 0.0122 +£ 0.0061
| Symbol — Currency Name | Currency Name — Symbol |
| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |
Top 5 Hong Kong Dollar 1.0000 £ 0.0000 Top 5 United Arab Emirates Dirham 1.0000 £ 0.0000
Chinese Yuan 1.0000 =+ 0.0000 Bangladeshi Taka 1.0000 + 0.0000
Turkish Lira 1.0000 =£ 0.0000 Brazilian Real 1.0000 + 0.0000
Mexican Peso 1.0000 =£ 0.0000 Bulgarian Lev 1.0000 +£ 0.0000
Philippine Peso 1.0000 + 0.0000 Israeli New Shekel 1.0000 =+ 0.0000
Bottom 5 | Azerbaijani Manat 0.0101 £ 0.0034 Bottom 5 | Lao Kip 0.0201 £ 0.0056
Armenian Dram 0.0104 £ 0.0035 Syrian Pound 0.0218 £ 0.0085
Lao Kip 0.0112 £ 0.0040 Sudanese Pound 0.0267 £ 0.0118
Macanese Pataca 0.0115 £ 0.0041 Georgian Lari 0.0298 £ 0.0137
Cambodian Riel 0.0118 £ 0.0043 Macanese Pataca 0.0304 £ 0.0150
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Table 24: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:
intfloat multilingual-e5-large-instruct

| Acronym — Currency Name | Currency Name — Acronym |
| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |
Top 5 Australian Dollar 1.0000 + 0.0000 Top 5 Australian Dollar 1.0000 £ 0.0000
Hong Kong Dollar 1.0000 + 0.0000 Brazilian Real 1.0000 £ 0.0000
British Pound Sterling 1.0000 + 0.0000 Hong Kong Dollar 1.0000 =+ 0.0000
Czech Koruna 1.0000 £ 0.0000 Czech Koruna 1.0000 £ 0.0000
Danish Krone 1.0000 = 0.0000 Danish Krone 1.0000 =+ 0.0000
Bottom 5 Mongolian Togrog 0.0050 £ 0.0017 Bottom 5 Cape Verdean Escudo 0.0057 £ 0.0019
Tongan Paanga 0.0050 £ 0.0017 Sudanese Pound 0.0063 £ 0.0015
Samoan Tala 0.0052 £ 0.0018 Moroccan Dirham 0.0077 £ 0.0023
Cape Verdean Escudo 0.0052 £ 0.0018 Albanian Lek 0.0077 £ 0.0026
Papua New Guinean Kina | 0.0054 + 0.0020 Tongan Paanga 0.0082 £ 0.0029
| Symbol — Currency Name | Currency Name — Symbol |
| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |
Top 5 Hong Kong Dollar 1.0000 +£ 0.0000 Top 5 Bulgarian Lev 1.0000 =+ 0.0000
Czech Koruna 1.0000 £ 0.0000 Bangladeshi Taka 1.0000 £ 0.0000
Mexican Peso 1.0000 £ 0.0000 Brazilian Real 1.0000 =+ 0.0000
New Zealand Dollar 1.0000 +£ 0.0000 British Pound Sterling 1.0000 =+ 0.0000
Polish Ztoty 1.0000 = 0.0000 Hong Kong Dollar 1.0000 = 0.0000
Bottom 5 Paraguayan Guaran{ 0.0101 +£ 0.0034 Bottom 5 Serbian Dinar 0.0105 £ 0.0030
Afghan Afghani 0.0103 £ 0.0035 Armenian Dram 0.0116 £ 0.0040
Lao Kip 0.0105 + 0.0036 Afghan Afghani 0.0125 £ 0.0044
Tongan Paanga 0.0110 +£ 0.0039 Lao Kip 0.0126 £ 0.0046
Panamanian Balboa 0.0113 £ 0.0041 Ghanaian Cedi 0.0131 £ 0.0045

Table 25: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:
intfloat multilingual-e5-large

| Acronym — Currency Name | Currency Name — Acronym |
| Type | Currency | Mean & Std MRR || Type | Currency | Mean & Std MRR |
Top 5 Norwegian Krone 0.5312 £ 0.4688 Top 5 Zimbabwean Gold 1.0000 =+ 0.0000
Danish Krone 0.5294 + 0.4706 Vietnamese Dong 1.0000 =+ 0.0000
Icelandic Kréna 0.5156 £ 0.4844 Thai Baht 1.0000 £ 0.0000
Japanese Yen 0.5147 £ 0.4853 Polish Ztoty 1.0000 £ 0.0000
Swedish Krona 0.5147 £ 0.4853 Afghan Afghani 0.7500 £ 0.2500
Bottom 5 | Tongan Paanga 0.0051 £ 0.0017 Bottom 5 | Cuban Peso 0.0096 £ 0.0031
Mongolian Togrog 0.0052 £ 0.0018 Bolivian Boliviano 0.0103 £ 0.0032
Lao Kip 0.0052 £ 0.0018 Moroccan Dirham 0.0115 £ 0.0049
Samoan Tala 0.0052 £ 0.0018 Sudanese Pound 0.0136 £ 0.0053
Bolivian Boliviano 0.0057 £ 0.0021 Peruvian Sol 0.0141 £ 0.0048
| Symbol — Currency Name | Currency Name — Symbol |
| Type | Currency | Mean + Std MRR || Type Currency | Mean + Std MRR
Top 5 Czech Koruna 0.5161 £ 0.4839 Top 5 Bulgarian Lev 1.0000 + 0.0000
Mexican Peso 0.5147 £ 0.4853 Czech Koruna 1.0000 =£ 0.0000
Guyanese Dollar 0.5139 + 0.4861 Nigerian Naira 1.0000 =£ 0.0000
Polish Ztoty 0.5128 £ 0.4872 Kazakhstani Tenge 1.0000 £ 0.0000
Hong Kong Dollar 0.5122 £ 0.4878 Ukrainian Hryvnia 1.0000 + 0.0000
Bottom 5 | Lao Kip 0.0101 £ 0.0034 Bottom 5 Lao Kip 0.0101 £ 0.0034
Afghan Afghani 0.0103 £ 0.0035 Armenian Dram 0.0109 £ 0.0037
Armenian Dram 0.0104 £ 0.0035 Ghanaian Cedi 0.0111 =£ 0.0028
Panamanian Balboa 0.0108 £ 0.0038 Paraguayan Guarani | 0.0114 &+ 0.0029
Azerbaijani Manat 0.0110 £ 0.0039 Costa Rican Colén 0.0122 £ 0.0033
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Table 26: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:
sentence-transformers LaBSE

Acronym — Currency Name

Currency Name — Acronym

| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |
Top 5 Japanese Yen 0.5094 £ 0.4905 Top 5 Brazilian Real 1.0000 £ 0.0000
Vanuatu Vatu 0.5069 £ 0.4931 Japanese Yen 1.0000 + 0.0000
Thai Baht 0.5069 £ 0.4931 Thai Baht 1.0000 £ 0.0000
United States Dollar 0.5054 £ 0.4945 Ukrainian Hryvnia 1.0000 £ 0.0000
Lebanese Pound 0.5052 £ 0.4947 Kazakhstani Tenge 1.0000 +£ 0.0000
Bottom 5 Sao Tomé and Principe Dobra 0.0059 £ 0.0022 Bottom 5 Albanian Lek 0.0101 £ 0.0044
Bosnia and Herzegovina Convertible Mark | 0.0061 £ 0.0024 East Caribbean Dollar 0.0103 £ 0.0042
Eswatini Lilangeni 0.0066 £ 0.0027 Samoan Tala 0.0110 &£ 0.0059
Samoan Tala 0.0067 £ 0.0028 Bosnia and Herzegovina Convertible Mark 0.0175 £ 0.0064
Papua New Guinean Kina 0.0078 £ 0.0037 Belarusian Ruble 0.0231 £ 0.0138
| Symbol — Currency Name | Currency Name — Symbol |
| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |
Top 5 United States Dollar 0.5122 £ 0.4878 Top 5 Polish Ztoty 1.0000 +£ 0.0000
Hong Kong Dollar 0.5086 £ 0.4914 Euro 1.0000 =+ 0.0000
Euro 0.5084 £ 0.4915 Hong Kong Dollar 0.7500 +£ 0.2500
Belize Dollar 0.5080 £ 0.4920 Japanese Yen 0.7500 +£ 0.2500
Fijian Dollar 0.5078 £ 0.4922 United States Dollar 0.7500 £ 0.2500
Bottom 5 Paraguayan Guaran{ 0.0101 £ 0.0034 Bottom 5 Azerbaijani Manat 0.0102 £ 0.0033

Afghan Afghani
Israeli New Shekel
Ghanaian Cedi
Armenian Dram

0.0115 £ 0.0041
0.0126 £ 0.0049
0.0134 £ 0.0055
0.0134 £ 0.0055

Afghan Afghani
Georgian Lari
Paraguayan Guarani
Peruvian Sol

0.0103 £ 0.0035
0.0103 £ 0.0035
0.0106 £ 0.0037
0.0178 £ 0.0072

Table 27: Syntax Gap: Summary of Top/Bottom 5 Currencies by Mean + Std MRR Across Scenarios for Model:

ProsusAl finbert

\ Acronym — Currency Name \ Currency Name — Acronym \
| Type | Currency | Mean & Std MRR || Type | Currency | Mean & Std MRR |

Top 5 Japanese Yen 0.5063 £ 0.4936 Top 5 Mexican Peso 0.5263 £ 0.4737

Armenian Dram 0.5055 =+ 0.4945 Swedish Krona 0.5250 £ 0.4750

Serbian Dinar 0.2537 £ 0.2463 Peruvian Sol 0.5084 £ 0.4915

Azerbaijani Manat 0.2536 £ 0.2464 Armenian Dram 0.2833 £+ 0.2167

Swedish Krona 0.1705 4 0.1628 United States Dollar 0.2708 £ 0.2291

Bottom 5 Somali Shilling 0.0049 £ 0.0016 Bottom 5 Eswatini Lilangeni 0.0051 £ 0.0017

Kenyan Shilling 0.0050 + 0.0017 Ugandan Shilling 0.0051 £ 0.0017

Ugandan Shilling 0.0050 + 0.0017 Bangladeshi Taka 0.0052 £ 0.0016

South Sudanese Pound 0.0051 £ 0.0017 Tanzanian Shilling 0.0052 £ 0.0018

Tanzanian Shilling 0.0051 £ 0.0017 Eritrean Nakfa 0.0053 £ 0.0018
| Symbol — Currency Name | Currency Name — Symbol |
| Type | Currency | Mean + Std MRR || Type | Currency | Mean + Std MRR |

Top 5 Japanese Yen 0.5555 £ 0.4445 Top 5 Mexican Peso 0.6250 £ 0.3750

Bulgarian Lev 0.5109 =+ 0.4892 Bulgarian Lev 0.6000 =£ 0.4000

Mexican Peso 0.5107 £ 0.489%4 British Pound Sterling 0.5357 £ 0.4643

Belize Dollar 0.5098 + 0.4902 Japanese Yen 0.5357 £ 0.4643

Singapore Dollar 0.5094 + 0.4905 Polish Ztoty 0.1845 £ 0.1488

Bottom 5 Somali Shilling 0.0101 £ 0.0034 Bottom 5 | Tunisian Dinar 0.0103 £ 0.0034

Sudanese Pound 0.0103 £ 0.0035 Algerian Dinar 0.0104 £ 0.0035

Afghan Afghani 0.0104 £ 0.0035 Libyan Dinar 0.0107 £ 0.0036

United Arab Emirates Dirham 0.0106 £ 0.0037 Jordanian Dinar 0.0109 £ 0.0036

Macanese Pataca 0.0106 +£ 0.0037 Qatari Riyal 0.0109 £ 0.0038
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E Sentiment Analysis Task

This section provides a detailed visualization of
the performance and fairness of various text em-
bedding models when subjected to currency-based
perturbations in a sentiment analysis task. Fig-
ure 18 presents a Stability Probing analysis across
multiple parts, tracking how sentiment predictions
fluctuate across diverse currency probes for models
ranging from general-purpose embeddings like all-
mpnet-base-v2 and GTE to specialized financial
models like FinBERT. These stability plots reveal
the sensitivity of each model’s output to specific de-
nominations and regional identifiers. Complement-
ing this, Figure 19 provides Currency-level Bias
Plots, which quantify the systematic skew in senti-
ment classification. By aggregating results across
models such as BGE-M3, Embedding Gemma, and
Snowflake Arctic, these visualizations highlight
the degree to which embedding models exhibit dis-
parate sentiment associations based solely on the
currency mentioned in the input text, thereby un-
covering underlying currency-induced biases.
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Figure 18: Stability of sentiment prediction across currency probes (Part I).
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Figure 18: Stability of sentiment prediction across currency probes (Part II).
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Figure 18: Stability of sentiment prediction across currency probes (Part IIT).
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Figure 18: Stability of sentiment prediction across currency probes (Part IV).
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Figure 18: Stability of sentiment prediction across currency probes (Part V).
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Figure 19: Currency-level bias plots for sentiment classification (Part I).
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Figure 19: Currency-level bias plots for sentiment classification (Part II).
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Figure 19: Currency-level bias plots for sentiment classification (Part III).
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F Credit Default Prediction Task

The following tables report results for four repre-
sentative embedding models under two settings:
(i) notation-only perturbations and (ii) currency
rate-adjusted perturbations. Across both settings,
we observe consistent patterns of decision instabil-
ity, including non-trivial flip rates and increased
prediction entropy, indicating that the impact of
currency variations is systematic and not model-
specific. General-purpose multilingual models
like multilingual-e5-large also exhibit high flip
rates and prediction drift, changing credit decisions
solely based on notation. Further, even when the
underlying exchange rate is preserved, we still see
behavior instability observed previously.
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Table 28: Credit Default Prediction: Performance across currency perturbations: Decision flips and model
stability. Exchange rate not applied.

Model Flip Rate(%) Pos. Rate (%) AUCPR Entropy

bge-m3 5.86 £2.63 29.40£4.02 0.1781 £0.0072 0.1112 £ 0.2433
Qwen3-Embedding-0.6B 542 £3.56 34.39 £6.09 0.1685 £ 0.0030 0.1643 + 0.2983
multilingual-e5-large 6.64 £7.09 4277 +7.16 0.1591 +0.0020 0.1619 +£ 0.2775
LaBSE 5778 £3.98 2936 £6.13 0.1586 + 0.0070 0.1847 £ 0.2964

Table 29: Credit Default Prediction: Performance across currency perturbations (currency rate adjusted)
leading to decision flips.

Model Flip Rate (%) Pos. Rate (%) AUCPR Entropy
bge-m3 8.06 £3.09 29.574+4.92 0.1654 £0.0120 0.1718 +£ 0.3068
Qwen3-Embedding-0.6B  7.50 +3.25 34.98 £ 6.38 0.1625 + 0.0052 0.2012 £ 0.3295
multilingual-e5-large 7.79+£7.20 4335+£7.65 0.1584 4+ 0.0043 0.1868 4 0.2959
LaBSE 15.10 £5.29 26.23 £ 10.38 0.1368 £ 0.0159 0.36 £ 0.3853
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G Tokenization Statistics and Model
Capability

We provide additional analysis on tokenization ef-
fects and their relationship with retrieval perfor-
mance and associative bias.

Tokenization Statistics We analyze token-
level statistics across different currency notation
types—names, acronyms, and symbols—across
multiple embedding models. Table 30 summarizes
the average number of tokens and the occurrence
of unknown (UNK/OOV) tokens.

Across all models, currency names and
acronyms exhibit zero UNK occurrences, while
certain currency symbols result in non-zero UNK
counts. As expected, currency names have higher
token lengths compared to acronyms and symbols.

Correlation with Retrieval Performance We
examine whether tokenization artifacts influence a
model’s ability to retrieve correct currency repre-
sentations, measured using Reciprocal Rank (RR).
Table 33 reports Spearman correlations between
RR and token-level features.

We observe weak and inconsistent correlations
between token count and retrieval performance
across models (with p-values > 0.05 in most
cases). While some moderate correlations exist be-
tween UNK presence (for symbols) and RR, these
effects are not consistent across models.

Correlation with Associative Bias We further
analyze whether associative bias (measured via me-
dian rank differences) can be explained by tok-
enization artifacts. Across models and notation
types, correlations between bias and token count
are generally weak. Correlations with UNK pres-
ence are also limited and primarily observed in a
few symbol-based cases.

These findings suggest that tokenization alone
does not explain the observed biases, motivating
our analysis across different currency representa-
tions (names, acronyms, and symbols).

Equal Token Length, Divergent Bias To il-
lustrate that semantic associations—not tokeniza-
tion—drive bias, we examine currencies with iden-
tical token lengths. For example, in multilingual-
e5-large, “Omani Riyal,” “Jordanian Dinar,” and
“Turkish Lira” each consist of four tokens. Despite
this, they exhibit markedly different associative be-
haviors: Omani Riyal shows a positive median rank

difference (+4.00, associated with luxury), while
Jordanian Dinar (-4.50) and Turkish Lira (-4.00)
are associated with poverty.

Overall, these results suggest that token length
alone does not explain the observed syntax gap or
associative biases. Notably, currencies with identi-
cal token counts can still exhibit significantly dif-
ferent bias profiles, indicating that semantic factors
play a more dominant role. While moderate cor-
relations are observed in a few cases—primarily
within symbol representations due to UNK occur-
rences—these effects are sparse and not consistent
across models.

Model Capability We observe that higher-
capacity multilingual models (e.g.,multilingual e5-
large, multilingual e5-large-instruct) in general ex-
hibit lower syntax gaps and downstream volatil-
ity in comparison to others, suggesting that model
scale augmented with multilingual training par-
tially could be useful for reducing such biases.
These findings suggest that these limitations are
not confined to a specific architecture, but rather
reflects representational issues across embedding
models.
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Table 30: Tokenization statistics across currency notation types. We report average number of tokens and
UNK/OOV occurrences for acronyms, names, and symbols.

Model Acronym Name Symbol
Avg. Tokens UNK Count Avg. Tokens UNK Count Avg. Tokens UNK Count

gte-large-en-v1.5 1.97 0 3.55 0 2.04 19
gte-multilingual-base 1.89 0 3.97 0 2.27 7
bge-m3 1.89 0 3.97 0 227 7
finance-embeddings-investopedia 1.97 0 3.55 0 2.04 19
finbert 1.97 0 3.55 0 2.04 19
Qwen3-Embedding-0.6B 1.88 0 4.70 0 2.05 0
snowflake-arctic-embed-m-v1.5 1.97 0 3.55 0 2.04 19
embeddinggemma-300M 1.73 0 3.85 0 2.05 0
multilingual-e5-large 1.89 0 3.97 0 2.27 7
jina-embeddings-v2-base-en 1.97 0 3.55 0 2.04 19
LaBSE 1.52 0 3.12 0 1.92 4
all-mpnet-base-v2 1.97 0 3.55 0 2.04 19
paraphrase-multilingual-mpnet-base-v2 1.89 0 397 0 2.27 7

Table 31: Correlation between tokenization features and associative bias (Luxury vs. Poverty).

Model Acronym Name Symbol
Tokens UNK Tokens UNK Tokens UNK
gte-large-en-v1.5 0.1235 - -0.0782 - -0.4785 0.3365
gte-multilingual-base -0.1150 - -0.2027 - -0.2323 0.1215
bge-m3 -03090 - -0.1124 - -0.0335 0.1597
finance-embeddings-investopedia -0.0647 - -0.2497 - -0.2683 0.3367
finbert 0.0684 - -0.0087 - -0.3997 0.6543
Qwen3-Embedding-0.6B -0.1418 - -0.2389 - 0.4031 -
snowflake-arctic-embed-m-v1.5 -0.1839 - -0.1004 - -0.4952 0.6977
embeddinggemma-300M -0.0007 - 0.1358 - 0.4401 -
multilingual-e5-large -0.0761 - -0.1937 - 0.3644 -0.2435
LaBSE 0.0209 - -0.0229 - 0.0510 0.3932

Table 32: Correlation between tokenization features and associative bias (Malice vs. Safety).

Model Acronym Name Symbol
Tokens UNK Tokens UNK Tokens UNK

gte-large-en-v1.5 -0.0038 - -0.1680 - -0.7816 0.7683
gte-multilingual-base -0.0417 - -0.2304 - -0.1070 0.3021
bge-m3 -0.2028 - -0.0795 -  0.3483 0.3393
finance-embeddings-investopedia -0.0195 - 0.1145 - -0.3317 0.4185
finbert 0.0973 - -0.1641 -  0.2094 -0.2738
Qwen3-Embedding-0.6B 0.1717 - 0.0732 -  -0.0868 -
snowflake-arctic-embed-m-v1.5 -0.1258 - -0.2229 - -0.1769 -0.0621
embeddinggemma-300M 0.0271 - -0.3068 - -0.2282 -
multilingual-e5-large -0.0674 - -0.0424 - 0.1573 0.4282
LaBSE -0.2552 - -0.1771 - -0.1753 -0.3041

H Implementation Details

H.1 Model size

Table 34 depicts the different models and their size.
42698

H.2 Packages Used

We utilized the scikit-learn (Pedregosa et al.,
2011) package for computing statistical metrics,
including cosine similarity and Mean Reciprocal
Rank (MRR). For sentiment classification probing,
we employed the LogisticRegression implemen-
tation from the same library. Data manipulation



Table 33: Spearman correlation between tokenization features and Reciprocal Rank (RR).

Model Acronym RR Symbol RR
Num Tokens UNK Presence Num Tokens UNK Presence
gte-large-en-v1.5 0.0245 - 0.2017 -0.5645
gte-multilingual-base -0.0721 - -0.2886 -0.2890
bge-m3 -0.0847 - -0.1591 -0.3023
finance-embeddings-investopedia ~ -0.0839 - -0.0700 -0.3360
finbert -0.0002 - 0.1091 -0.2149
Qwen3-Embedding-0.6B 0.0797 - 0.0048 -
snowflake-arctic-embed-m-v1.5 -0.1205 - -0.0125 -0.2916
embeddinggemma-300M -0.1103 - -0.3088 -
multilingual-e5-large -0.0429 - -0.2801 -0.3883
LaBSE -0.1905 - -0.0656 -0.1973
Model Name Size (MB) based embedding models (e.g., Qwen3-Embedding-
ﬁnance_embeddingS_investopedia 440 0. 6B, 8mb€ddingg€mma-300M) . All 6Xperil’nents
gte-large-en-v1.5 670 were conducted on a single 32GB GPU, with a total
gte-multilingual-base 560 . . .
fina-embeddings-v2-base-en 73 computational consumpthn of appr.0x1mately 90
bge-m3 1,140 GPU hours for the full suite of retrieval and bias
snowflake-arctic-embed-m-v1.5 438 benchmarks.
paraphrase-multilingual-mpnet-base-v2 1,110
all-mpnet-base-v2 438 .
Qwen3-Embedding-0.6B 1,200 H.4  Link to Code
em???dlng%mgnlla%OQM | ?38 Our code and evaluation framework are available at
multilingual-e5-large-instruct , . . .
multilingual-e5-large 1,120 https://github.com/sahilm1992/currency_
LaBSE 1,800 bias_gap.
finbert 440

Table 34: The 14 text-embedding architectures evalu-
ated in our benchmarks, representing a mix of domain-
specific, general-purpose, and LLM-based embedding
models.

and preprocessing were handled using pandas and
numpy.

Our  implementation relies on  the
sentence-transformers framework (Reimers,
2019), which is distributed under the Apache
License, Version 2.0. All evaluated model weights
were sourced from the Hugging Face Model Hub,
governed by their respective open-source licenses
(primarily Apache 2.0 and MIT). The artifacts and
synthetic datasets generated for this research are
available for non-commercial scientific use.

H.3 Model Information and Computational
Budget

In Table 34, we present the specific configurations
and storage footprints of the fourteen open-source
embedding models evaluated in our study. This se-
lection encompasses domain-specialized encoders
(e.g., FinBERT, finance-embeddings-investopedia),
general-purpose multilingual architectures (e.g.,
LaBSE, multilingual-e5-large), and recent LLM-
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https://github.com/sahilm1992/currency_bias_gap
https://github.com/sahilm1992/currency_bias_gap

I Currency Reference Table

The symbolic vocabulary was curated to isolate rep-
resentational failures from simple lexical ambiguity.
Ambiguous Single-Letter Tokens: Identifiers con-
sisting of a single unadorned letter—such as "L"
(Leone, Lempira) or "M"—were removed. These
frequently appear in training corpora as units of
measurement (length, mass). Symbols shared by
multiple sovereign such as Won (W), were omitted.
Generic symbols, such as the lone "$", were sys-
tematically replaced with Contextualized Symbolic
Identifiers (e.g., US$, MEXS$, NZ$).
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Currency (Code) [Symbol used?]

Currency (Code) [Symbol used?]

Currency (Code) [Symbol used?]

United States Dollar (USD) v
Indian Rupee (INR) v

Euro (EUR) v/

British Pound Sterling (GBP) v
Japanese Yen (JPY) v/

Swiss Franc (CHF) x

North Korean Won (KPW) X
Pakistani Rupee (PKR) x
Chinese Yuan (CNY) v
Australian Dollar (AUD) v/
Canadian Dollar (CAD) v
Mexican Peso (MXN) v*
Russian Ruble (RUB) v
South African Rand (ZAR) x
Nigerian Naira (NGN) v
Thai Baht (THB) v/
Vietnamese Dong (VND) v
Indonesian Rupiah (IDR) X
South Korean Won (KRW) x
Polish Ztoty (PLN) v
Swedish Krona (SEK) x
Turkish Lira (TRY) v
Brazilian Real (BRL) v*
United Arab Emirates Dirham (AED) v/
Saudi Riyal (SAR) v/
Seychellois Rupee (SCR) x
Yemeni Rial (YER) x

Sierra Leonean Leone (SLL) x
Malawian Kwacha (MWK) x
Ghanaian Cedi (GHS) v
Ugandan Shilling (UGX) x
Tanzanian Shilling (TZS) X
West African CFA Franc (XOF) x
Algerian Dinar (DZD) v
Egyptian Pound (EGP) v*
Philippine Peso (PHP) v
Malaysian Ringgit (MYR) x
Sri Lankan Rupee (LKR) X
Nepalese Rupee (NPR) v
Bangladeshi Taka (BDT) v
Omani Rial (OMR) v
Singapore Dollar (SGD) v
Afghan Afghani (AFN) v/
Albanian Lek (ALL) X
Armenian Dram (AMD) v*
Angolan Kwanza (AOA) X
Argentine Peso (ARS) X
Azerbaijani Manat (AZN) v

Bosnia and Herzegovina Conv. Mark (BAM) X

Barbadian Dollar (BBD) X
Bulgarian Lev (BGN) v

Bahraini Dinar (BHD) v*
Burundian Franc (BIF) x
Bermudian Dollar (BMD) x
Brunei Dollar (BND) x
Bolivian Boliviano (BOB) x
Bahamian Dollar (BSD) x
Bhutanese Ngultrum (BTN) X
Botswana Pula (BWP) x
Belarusian Ruble (BYN) x
Belize Dollar (BZD) v
Congolese Franc (CDF) x
Chilean Peso (CLP) x
Colombian Peso (COP) x
Costa Rican Colén (CRC) v/
Cuban Peso (CUP) x

Cape Verdean Escudo (CVE) x
Czech Koruna (CZK) v
Djiboutian Franc (DJF) x
Danish Krone (DKK) x
Dominican Peso (DOP) v*
Eritrean Nakfa (ERN) x
Ethiopian Birr (ETB) X
Fijian Dollar (FID) v/
Georgian Lari (GEL) v/
Gambian Dalasi (GMD) x
Guinean Franc (GNF) x
Guatemalan Quetzal (GTQ) X
Guyanese Dollar (GYD) v
Hong Kong Dollar (HKD) v
Honduran Lempira (HNL) x
Haitian Gourde (HTG) x
Hungarian Forint (HUF) x
Israeli New Shekel (ILS) v*
Iragi Dinar 1QD) v

Iranian Rial (IRR) X
Icelandic Kréna (ISK) x
Jamaican Dollar JMD) v
Jordanian Dinar (JOD) v
Kenyan Shilling (KES) x
Kyrgyzstani Som (KGS) x
Cambodian Riel (KHR) v
Comorian Franc (KMF) x
Kuwaiti Dinar (KWD) v
Cayman Islands Dollar (KYD) v
Kazakhstani Tenge (KZT) v/
Lao Kip (LAK) v/

Lebanese Pound (LBP) v
Liberian Dollar (LRD) v
Lesotho Loti (LSL) x
Libyan Dinar (LYD) v

Moroccan Dirham (MAD) v
Moldovan Leu (MDL) x
Malagasy Ariary (MGA) X
Macedonian Denar (MKD) v
Myanmar Kyat (MMK) x
Mongolian Togrog (MNT) v
Macanese Pataca (MOP) v
Mauritanian Ouguiya (MRU) x
Mauritian Rupee (MUR) X
Maldivian Rufiyaa (MVR) X
Mozambican Metical (MZN) x
Namibian Dollar (NAD) v
Nicaraguan Cérdoba (NIO) x
Norwegian Krone (NOK) x
New Zealand Dollar (NZD) v
Panamanian Balboa (PAB) v*
Peruvian Sol (PEN) v

Papua New Guinean Kina (PGK) x
Paraguayan Guarani (PYG) v/
Qatari Riyal (QAR) v/
Romanian Leu (RON) x

Serbian Dinar (RSD) v*
Rwandan Franc (RWF) x
Solomon Islands Dollar (SBD) v
Sudanese Pound (SDG) v

Saint Helena Pound (SHP) X
Somali Shilling (SOS) v
Surinamese Dollar (SRD) v
South Sudanese Pound (SSP) x
Sao Tomé and Principe Dobra (STN) x
Salvadoran Colén (SVC) x
Syrian Pound (SYP) v/

Eswatini Lilangeni (SZL) x
Tajikistani Somoni (TJS) X
Turkmenistani Manat (TMT) X
Tunisian Dinar (TND) v

Tongan Pa’anga (TOP) v
Trinidad and Tobago Dollar (TTD) v
New Taiwan Dollar (TWD) v
Ukrainian Hryvnia (UAH) v/
Uruguayan Peso (UYU) v/
Uzbekistani Som (UZS) X
Venezuelan Bolivar (VES) X
Vanuatu Vatu (VUV) X

Samoan Tala (WST) x

Central African CFA Franc (XAF) X
East Caribbean Dollar (XCD) v
CFP Franc (XPF) x

Zambian Kwacha (ZMW) x
Zimbabwean Gold (ZWG) x

Table 35: Tick mark represents whether the symbol of that currency was used or not.
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J Ethics and Risk Statement

While this work aims to expose and mitigate sys-
temic biases in financial Al, we identify ethical
considerations and potential risks associated with
the dissemination of our findings.

Risk of Misinterpretation A primary concern
is that the bias scores and latent personas docu-
mented in this paper (e.g., the association of certain
currencies with “Malice” or “Poverty”) could be
misinterpreted as objective indicators of a nation’s
economic integrity or risk profile. We emphasize
that these findings represent representational issues
within Al models and contexts used. They do not
reflect the actual financial stability, lawfulness, or
economic value of the mentioned nations or their
citizens.

Risk of misuse By documenting the Syntax Gap-
specific technical instances where models fail to
recognize currency symbols or acronyms-this re-
search inadvertently identifies blind spots in current
automated financial monitoring and Anti-Money
Laundering (AML) systems. However, we believe
that the transparency provided by this study is a pre-
requisite for developing a more robust and secure
financial NLP infrastructure.
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