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Abstract
While mixed-language querying is ubiquitous
in multilingual communities, the sensitivity of
dense retrievers to such queries remains poorly
understood. We present a ratio-controlled study
on mMARCO that systematically evaluates
retrieval performance by varying the mixing
proportion of parallel query translations via
embedding-level mixing—constructing mixed
queries as an interpolation of monolingual em-
beddings. Experiments with BGE-M3 demon-
strate that an optimal mixing ratio outperforms
the best monolingual endpoint in 88/105 cases.
We uncover a distinct asymmetry driven by En-
glish dominance: mixing is uniformly benefi-
cial when retrieving from non-English docu-
ment indices, whereas indices containing En-
glish are best served by pure English queries.
Furthermore, English acts as the strongest mix-
ing partner for every non-English document
language. Finally, when controlling for English
dominance, mixing gains correlate negatively
with typological distance. We conclude that
language-mix sensitivity is structured and pre-
dictable, and we validate the robustness of these
patterns across model families and scales.1

1 Introduction

Bilingual and multilingual users frequently ex-
press a single information need in multiple lan-
guages within the same query (Fu, 2018). Such
code-mixing (or code-switching)—the blending
of elements from multiple languages in a single
sentence—is common in search and conversational
systems (Sitaram et al., 2020). Recent work has
also started to benchmark retrieval under mixed-
language queries in bilingual web search (Kim
et al., 2025). However, multilingual retrievers are
typically developed and evaluated under the as-
sumptions that queries are in a single language
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Figure 1: An illustration of the protocol of our study.
We use the interpolation of the monolingual query em-
beddings to serve as the language-mixed representation.

(either monolingual retrieval, or cross-lingual re-
trieval), which means mixed-query behavior is
largely untested in standard benchmarks (Zhang
et al., 2021, 2023b; Bonifacio et al., 2022). As a
result, existing multilingual information retrieval
(IR) evaluations provide limited insight into how
dense retrievers behave when the query itself mixes
languages, and whether mixing can help when the
documents to be retrieved involve more than one
language. A real question remains: when does lan-
guage mixing actually help? Specifically, when we
vary the mixing ratio between two languages, is re-
trieval effectiveness bounded by the better monolin-
gual endpoint, or can interior mixtures outperform
both? Answering this requires mixing-ratio con-
trol, parallel queries, and evaluation under different
document-language compositions.

However, generating high-quality code-mixed
queries can be highly resource-intensive (Kim et al.,
2025), let alone controlling the mixing ratio. In our
preliminary study, we instruct a Large Language
Model (LLM) to perform word-level code switch-
ing, replacing certain words in the query with an-
other language. While the model is able to gen-
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erate code-mixed queries, the generation success
is not guaranteed and each mixing ratio requires
separate LLM inference. To avoid these issues,
we introduce a novel and simple way of mixing:
embedding-level mixing. Given monolingual query
embeddings of two languages, we form a convex
combination2 of the embeddings at different target
ratios, and use this interpolation of embeddings
as the language-mixed query representation. This
enables controlled comparisons across many lan-
guage pairs unfamiliar to LLMs, and precise con-
trol of the mixing ratio without having to trigger
LLM generation multiple times under different ra-
tios. We demonstrate that such embedding-level
mixing exhibits a similar trend and overall higher
performance to word-level mixing by LLM gener-
ation, and decide to use it for precise controlled
studies on the mixing behavior.

We next study the behavior of a multilingual
dense retriever, BGE-M3 (Chen et al., 2024), with
language-mixed queries. We use parallel query
translation from mMARCO (Bonifacio et al., 2022).
We study 35 language pairs, and for each pair
(L1, L2), we evaluate three document–language
settings: L1-only, L2-only, and bilingual union of
L1+L2 documents. These settings mirror realistic
setups where the relevant information may be writ-
ten in only one language or prevalent across many
languages through translation.

Our results show that embedding-mixing ef-
fects are systematic and depend heavily on the
query and document languages: (1) Mixing of-
ten helps: Optimal embedding-level mixing ratios
outperform the best monolingual queries in 88 of
105 (83.8%) settings. (2) English asymmetry:
Mixing is uniformly beneficial when English is
absent from the index; however, indices contain-
ing English documents are best served by pure
English queries, revealing an asymmetric domi-
nance of English in multilingual vector spaces.
(3) Strongest partner: English acts as the strongest
mixing partner for every non-English document lan-
guage. (4) Language metadata: When controlling
for English dominance, mixing gains decrease as
the typological distance between query languages
increases. Other metadata (e.g. scripts and resource
level) only show weak correlations. (5) Robust-
ness: These patterns generally hold across model

2We follow the mathematical definition: convex combina-
tion is a linear combination of points where all coefficients
are non-negative and sum to 1. Similarly, we use the word
“interior” to describe this type of convex combination.

families and scales, suggesting embedding-mix
sensitivity is a predictable property of current re-
trievers. Together, these results characterize when
and why mixing two languages helps multilingual
dense retrieval and provide actionable guidance for
multilingual IR and retrieval-augmented pipelines
that must operate on mixed-language user inputs.

2 Related Work

Multilingual dense retrieval and evaluation.
Dense retrievers encode queries and passages into
a shared vector space and score relevance via
similarity, typically using bi-encoder architectures
(Karpukhin et al., 2020). Recent multilingual re-
trievers like Contriever (Izacard et al., 2022) and
BGE-M3 (Chen et al., 2024) are commonly bench-
marked on MS MARCO (Bajaj et al., 2018) and
mMARCO. These benchmarks assume that the
query is in a single language (monolingual) or
fully translated (cross-lingual). However, recent
evidence suggests that the strong multilingual abil-
ity of LLM in various NLP tasks does not imply
robust code-mixed ability (Zhang et al., 2023a).
This motivates us to study the robustness of multi-
lingual models in code-mixed IR.

Mixed-language queries in IR. The FIRE
mixed-script/mixed-language settings highlight
how script variation, transliteration, and tokeniza-
tion inaccuracies can affect retrieval (Banerjee
et al., 2016; Chakma and Das, 2016). This mo-
tivates our ratio-controlled study: we mix paral-
lel query translations in embedding space to iso-
late language-combination effects while avoiding
transliteration/tokenization noise. Recent bilingual
web-search benchmarks also report inconsistent
behavior of multilingual retrievers across mono-
lingual and mixed queries, and show that code-
switched training improves robustness (Kim et al.,
2025). However, existing resources typically treat
“mixedness” as a binary property or provide fixed
sets of mixed queries, making it hard to isolate
how effectiveness changes with the mixing ratio.
We thus adopt a ratio-controlled design, mixing
at the embedding level to probe ratio effects while
avoiding text-generation noise.

Code-mixed NLP benchmarks and diagnostics.
Outside IR, code-mixed benchmark suites such
as LinCE and GLUECoS report substantial pair-
dependent variability and emphasize that Language
Identification (LID) and segmentation errors are
major sources of performance degradation (Aguilar
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et al., 2020; Khanuja et al., 2020). Our controlled
IR evaluation complements these diagnostics by
quantifying pair and ratio-dependent effects.

3 Method

Our goal is to measure how multilingual dense re-
trieval changes as we vary the mixing ratio between
two semantically equivalent query translations in
languages (L1, L2). We run ratio-controlled experi-
ments under multiple document-language index set-
tings, using embedding-level mixing (embed-mix)
as our main way to create mixed queries. We briefly
explain the rationale in 3.3.

3.1 Task and Data

We study passage ranking on mMARCO.
mMARCO provides a multilingual passage
collection and multiple translations of each query
aligned by a shared query ID, along with relevance
judgments. Following the standard bi-encoder
retrieval pipeline, we encode each passage once
and index the resulting vectors using FAISS flat
index (Douze et al., 2024). We L2-normalize
all query and passage embeddings and use inner
product scoring (equivalent to cosine similarity
after normalization). At retrieval time, we encode
the query (or use a mixed query vector for
embed-mix), retrieve the top K=100 passages
from the index, and compute ranking metrics such
as nDCG@10 on these ranked lists.

Setup. We use the 14 languages available in
mMARCO: ar, de, en, es, fr, hi, id, it,
ja, nl, pt, ru, vi, zh and select 35 repre-
sentative language pairs to support our hypotheses.
For each language pair (L1, L2), we form a query
set by matching translations with the same query
ID. To keep the evaluation pool consistent across
code-mixing protocols, we use a filtered subset of
1,484 sufficiently long queries. This ensures that
word-level code mixing is meaningful (discussed
in §3.2) and avoids queries that are short and noisy.

For our primary experiments, we use the full
mMARCO corpus with 8.8 million passages. For
ablations and word-mixing experiments, we use
a 100k-passage (detailed in §B) per document-
language setting to keep computation tractable. We
include all relevant passages and additional noisy
documents to simulate real setups. Our main exper-
iments use BGE-M3 (Chen et al., 2024), a strong
multilingual encoder for dense retrieval. We in-
clude other model families and sizes in ablation.

“Climate 
change

Impacts”  Multilingual 
Encoder

(e.g. 
BGE-M3)

“气候变化的
影响”

Monolingual 
Query (L1)

Monolingual 
Query (L2)

Embedding-level Mixing 
& Normalization 

FAISS
Index

(Multilingual 
Passages)

100 − λ ⋅ 𝑒!! + λ ⋅ 𝑒!"

𝒆𝑳𝟏

𝑒""

Mixed 
Query 

Embedding
𝒆# 𝛌

0 10 30 50 70 90100

Mixing Ratio (	λ )

L2 Normalize

Figure 2: Illustration of Embedding-level query mixing:
encode the two monolingual query translations, inter-
polate their embeddings with ratio λ, L2-normalize the
mixed embedding, and retrieve from the index.

For each language pair (L1, L2) we evaluate
three document-language settings: (i) monolingual
L1-only documents, (ii) monolingual L2-only doc-
uments, and (iii) a union of L1+L2 documents
(each document in 2 languages). In every setting,
the only thing that changes across conditions is the
query representation (monolingual vs. mixed); the
documents and retrieval procedure are fixed.

3.2 Word-Level Mixing

We instruct an LLM to rewrite qL1 while inserting
approximately the desired number of L2 content
tokens (illustrated in Appendix Figure 11). After
generation, we estimate the realized L2 share using
language identification (LID) tags and discard de-
generate outputs (all-L1 or all-L2). To reduce sensi-
tivity to minor ratio mismatch, we bucket accepted
queries into five percentage bands (Appendix A):
(0, 20], (20, 40], (40, 60], (60, 80], (80, 100]. Since
generation using an LLM is expensive and in-
troduces additional variability (generation noise
and tokenization/LID inaccuracies), word-mix is
used only for validation for the main method of
embedding-level mixing.

3.3 Embedding-Level Mixing

Although word-level mixing gives a natural form
of code mixing, it has several problems. First, the
generation process is costly: for each query, we
need to instruct an LLM to generate a query of a
desired mix ratio. Second, the generation quality
can be poor and less controllable (Appendix A.9):
LLMs sometimes generate incomplete sentences
or fail to adhere to the specified ratio. Therefore,
we investigate a simpler way: directly interpolating
the embeddings of two monolingual queries.

Let eL1 and eL2 denote the query encoder out-
puts for the monolingual translations (qL1 , qL2)
under a fixed multilingual encoder. For mixture
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weight λ ∈ [0, 100] (interpreted as the percentage
of L2), we define the mixed query embedding as
an interpolation of the monolingual embeddings:

ẽ(λ) =
(1− λ/100) eL1 + (λ/100) eL2∥∥(1− λ/100) eL1 + (λ/100) eL2

∥∥ . (1)

We iterate through λ ∈ {0, 10, 30, 50, 70, 90, 100},
where we define that M = {10, 30, 50, 70, 90}
denotes interior ratios and E = {0, 100} denotes
endpoints. At retrieval time, we query the vector in-
dex using ẽ(λ) directly, without using the encoder
again. This flow is illustrated in Figure 2. This
provides a low-cost way to study the effect of the
mixing ratio on retrieval, and it also circumvents
the issue of LLM generation quality and LID.

3.4 Language Pair Metadata
To study how language pair affects performance,
we annotate each pair with the following fac-
tors. Script match indicates whether the domi-
nant writing system matches between L1 and L2.
Family distance and typological distance are ob-
tained from DistaL (Goot et al., 2025); unless
otherwise stated, we use the continuous distances
(glot_tree for family and lang2vec_knn for ty-
pology). Resource level follows the Microsoft
linguistic diversity taxonomy (Joshi et al., 2020) ,
which assigns each language to resource bands 0 to
5. As mMARCO contains no languages in bands 0
to 2, we consider band 5 as high-resource (H) and
bands 3 to 4 as lower-resource (L), and derive pair
types (H–H, H–L, L–L) accordingly.

3.5 Evaluation and Summary Measures
Metrics. We report nDCG@10 as the primary
metric, with MRR@10 and Recall@10 as sec-
ondary metrics, computed on the development split
using official relevance judgments. We report these
metrics in % following (Kim et al., 2025).

Measuring language-mix gains. For each (pair,
document-language setting), we summarize the po-
tential benefit of mixing by comparing the best
interior ratio (in M) to the best endpoint (in E).
We define:

endpoint_best = max
λ∈E

nDCG@10(λ),

best_mid = max
λ∈M

nDCG@10(λ),

∆ = (best_mid− endpoint_best).

Thus ∆ > 0 indicates that an interior mixture out-
performs the best monolingual query under the
same document-language setting.

4 Results

We evaluate how retrieval effectiveness changes as
we vary the query mixing ratio for each (language
pair, document-language setting) condition. Unless
stated otherwise, all results in this section are based
on embedding-level mixing on the full mMARCO
passage corpus.

4.1 Comparing Word and Embedding Mixing
We first test whether embedding-level mixing
yields a consistent trend as observed in changing
the mix ratio for word-level code-mixed queries.
We select the English–Chinese (EN–ZH) pair be-
cause both are high-resource languages for which
LLM should be able to perform word-level mix-
ing, while exhibiting large differences in scripts
with no shared vocabulary. Figure 3 compares
word and embedding mixing across all three
document-language settings (EN-only, ZH-only,
and EN+ZH).

Across all document-language settings, embed-
mix matches the overall trends seen under word-
mix: (1) on EN-only documents, effectiveness de-
creases as the ZH proportion grows; (2) on ZH-
only documents, effectiveness increases as the ZH
proportion grows; and (3) on EN+ZH documents,
performance smoothly interpolates between end-
points without introducing a new interior peak. The
shared trend supports using embedding-level mix-
ing as a proxy for how performance varies with
the mixing ratio in our large-scale analysis later.
We also observe that embed-mix achieves higher
nDCG than word-level mixing and we attribute the
absolute gap to noise specific to word-level mix-
ing (generation variability and tokenization/LID
errors), which embed-mix avoids by construction.

To further explain why embedding-level mixing
tracks the ratio trends of word-level code-mixing,
we analyze the geometry of word-mixed query em-
beddings in the encoder space. For each aligned
EN–ZH query, let eEN and eZH be the monolingual
query embeddings, and let eCM be the embedding
of a word-mixed query. We define:

∆ = eZH − eEN, daxis = ∥∆∥2. (2)

u =
∆

daxis
p = (eCM − eEN)

⊤u. (3)

We report two diagnostics:

r = p/daxis, (4)
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Figure 3: Word vs. embedding-level mixing’s nDCG@10 on the EN–ZH pair across three document-language
settings. Embed-mix preserves the overall trends observed under word-level mixing.

δ =
∥(eCM − eEN)− pu∥2

daxis
. (5)

Here, r is the normalized position along the
EN→ZH axis in the embedding space (r = 0 at
EN, r = 1 at ZH), and δ is the (normalized) orthog-
onal distance to that axis.

Figure 4 shows that as the intended ZH pro-
portion increases, the median r increases approxi-
mately linearly, while δ remains small across bands.
This indicates that word-mixed queries lie close to
the interpolation trajectory between the monolin-
gual endpoints. This partially explains why inter-
polating embeddings results in similar effects as
word-level mixing. Appendix C.1 extends this vali-
dation to three additional language pairs (EN–VI,
ZH–VI, HI–ID), confirming the same overarching
conclusion. Accordingly, we use embedding inter-
polation as the main mixing method for the remain-
ing experiments as it is controllable, scalable, and
more robust for many language pairs.

4.2 Global Picture: Embedding interpolation
is often better than monolingual queries

We plot the overall distribution of the ∆ (the gain
of embedding-level mixing under an optimal ra-
tio) in Figure 5a for the 105 groups (35 language
pairs × 3 document-language settings). Among all
groups, 88/105 (83.8%) have ∆ > 0, and 17/105
(16.2%) have ∆ < 0. The mean and median are
∆ = +0.70 and +0.65 respectively, and the ob-
served range is −0.34 to +2.92. Under 95% boot-
strap intervals, 66/105 settings are reliably positive
(interval strictly above zero), 38/105 are indistin-
guishable from zero (interval crosses zero), and
1/105 is reliably negative.

The largest gain occurs for EN–AR on AR docu-
ments (∆ = +2.9203 at λ∗ = 50), while the most
negative case is EN–ZH on EN+ZH documents
(∆ = −0.3359 at λ∗ = 10). Overall, interpolat-

ing the embeddings as a way of language mixing
often helps, while the worst drop is small. We
hypothesize that this occurs because monolingual
embeddings capture complementary semantic sig-
nals; thus, their combination yields a more robust
representation. We next examine when these gains
appear and what factors shape them.

4.3 The Strong Effects of English

English document retrieval switches mixing ef-
fects. Although we overall observe a positive
∆ under most setups, we notice a critical factor
that sharply changes the pattern: the presence of
English documents. We split the 105 groups by
whether the document-language setting includes
English and plot the ∆ in Figure 5b. When the
documents do not include English (non-EN mono-
lingual settings and non-EN+non-EN bilingual set-
tings), all groups have ∆ > 0 with an average of
+0.95. This suggests that there is a ratio of mixing
that gives better retrieval results than pure monolin-
gual retrieval. In contrast, when English is present
in the index (EN-only or EN+X bilingual docu-
ments), all ∆ are clustered near zero with a mean
of −0.04, so mixing does not help.

Asymmetric effects of mixing queries with
English. Prior observations in realistic web
search (Kim et al., 2025) report that intentional
English mixing can be effective for bilingual users
searching English documents, attributing the bene-
fit primarily to increased similarity between query
and document. In contrast, we find that the effect of
English overrides document–query similarity. For
instance, in Figure 5c, adding EN to ZH queries
improves retrieval performance even in monolin-
gual ZH documents (∆ = +1.72, λ∗ = 50), but
the opposite does not hold: adding ZH to EN
queries consistently worsens English-document re-
trieval. Thus, the effect is asymmetric: mixing
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Figure 5: Overview of effects of embedding-level code mixing.

a non-English query with English improves per-
formance for non-English document retrieval, but
mixing English with another language does not
help to retrieve English documents.

English is the strongest mixing partner. Be-
yond investigating the effect of English documents,
we now investigate English as the “mixing partner”
language for a query written in another language.
We find that English is also the strongest partner
language when we fix the document language and
vary the partner language: For each non-English
document language L, English yields the largest
∆ among the partners tested on L-only documents.
We verify that this is consistent for all of the 13
languages we study. We illustrate this effect in
Figure 6 and observe that English surpasses the
second-best by a large margin (detailed statistics in
Appendix Table 12).

We verify that these conclusions generalize to ex-
tremely low-resource languages in resource bands
0–2 in Appendix C.2. While the benefits of in-
terpolating with English stem partially from the
cross-lingual preservation of entities and abbrevi-
ations (e.g., DNA, NBA), we observe that mix-

ing improves performance even for strictly mono-
lingual queries devoid of English loanwords (Ap-
pendix C.3). This indicates that the advantage of
English mixing extends far beyond surface-level
lexical matching. We hypothesize that this struc-
tural bias is driven by pre-training data imbalances:
because English constitutes the vast majority of
web corpora (Kudugunta et al., 2023), it encodes
the most comprehensive knowledge base. Conse-
quently, current mainstream models develop their
most robust, densely structured semantic represen-
tations within the English subspace, allowing it to
act as a universal anchor that pulls mixed queries
into higher-quality regions of the vector space.

4.4 Document-Query Language Match

In monolingual document-language settings (sin-
gle document language), effectiveness is highly
related to how much of the query embedding
comes from the indexed document language. Let
pdoc(λ) denote the fraction of the mixed query
embedding contributed by the indexed document
language (e.g., for the L1-document-only setting,
pdoc(λ) = 100 − λ). Figure 7 aggregates all per-
formance curves against pdoc(λ).
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Across all 70 monolingual document settings,
the monolingual endpoint that matches the docu-
ment language outperforms the opposite-language
endpoint. This is consistent with the widely
observed cross-lingual alignment gap that cross-
lingual retrieval is more challenging than mono-
lingual baselines (Zhang et al., 2023b; Conneau
et al., 2020; Litschko et al., 2023). Moreover, as
shown in Figure 7, as the query moves away from
the document language to the other non-matching
language (pdoc(λ) decreases from 100 to 0), we
observe an overall performance decrease. How-
ever, the performance change is not linear: mixing
50% of query embedding in the target document
language almost matches the performance of 100%
monolingual query.

Where is the optimum λ∗? We now investigate
what is the optimal mixing ratio for a given lan-
guage pair, presented in Figure 8. Although doc-
language matching endpoints are best among end-
points, the best interior mix often occurs slightly
away from the endpoint: for non-English pairs on
monolingual document-language settings, the peak
is typically near pdoc(λ

∗) ≈ 70 (35/44 settings).
Essentially, it means results are best when we have
70% of the document language in the query. For
EN pairs, optima are bimodal: in the setup with
only English documents, the best is usually un-
mixed (λ∗ = 0 in 8/13), while for non-English doc-
ument settings, the best often occurs near balanced
mixing (λ∗ = 50 in 11/13). Finally, as shown in
the rightmost two bars in Figure 8, when English is
absent and the documents contain both L1 and L2

documents (bilingual), the optimal ratio appears
normally distributed due to the symmetry (i.e. we
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present in the pair and documents are of EN+L2, it

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
p_doc (query share in doc language)

24

26

28

30

nD
CG

@
10

Monolingual alignment curve
Mean nDCG@10

Figure 7: Doc-language alignment in monolingual
document-language settings. We plot mean nDCG@10
as a function of pdoc(λ), the fraction of the mixed
query embedding coming from the indexed document
language. Averaged over all monolingual document-
language settings, performance increases rapidly with
pdoc and typically peaks near pdoc ≈ 70.
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Figure 8: Optimal query mixing ratio. Stacked bars
show where the retrieval peak across subsets: mono-
lingual settings are labeled by pdoc(λ

∗) and bilingual
settings by λ∗ (in %). Full results in Table 11.

is advised not to mix (λ∗ = 0 is the peak). These
observations are consistent with our previous find-
ings on the dominance of English.

4.5 Other Findings

Mixing affects recall more than top-rank or-
dering. To show that the effects of mixing go
beyond nDCG, we recompute ∆ using the same
definition (Eq. 3.5) while replacing the retrieval
metric. Table 1 shows that nDCG@10, MRR@10,
and Recall@10 broadly agree on which settings
benefit from mixing, but Recall@10 exhibits the
largest average improvement. In 11 settings, we
observe ∆nDCG@10 < 0 but ∆R@10 > 0 (all
within EN pairs on EN-only or EN+L2 document-
language settings). This indicates that mixing can
recall more relevant passages into the top-10 while
slightly worsening their ordering at the top ranks.
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Metric Mean ∆ #(∆ > 0) #(∆ < 0)

nDCG@10 +0.7037 88 17
MRR@10 +0.5844 88 17
R@10 +1.2021 98 7

Table 1: Mixing effects across metrics. We compute ∆
per (pair, document-language) using the same endpoint-
vs-interior comparison, changing only the metric.

Language-factor probes show weak secondary
effects once English is removed. To study pair-
intrinsic effects without the English-in-documents
effect (Finding 4.3), we restrict to non-English lan-
guage pairs with monolingual documents. This
yields 44 settings (22 pairs×2 document lan-
guages). Overall, these factors are secondary
compared to English-in-documents and document-
language alignment (Finding 4.4). In Figure 10,
Typological distance shows a moderate negative
correlation with mixing gains on this subset (Spear-
man ρ = −0.405, 95% CI [−0.622, −0.124]).
Table 2 summarizes the remaining three factors
(script, family, resource) on the same controlled
subset. These effects are small and not cleanly
monotonic given our limited language set; we there-
fore treat them as suggestive rather than predictive.

Factor Evidence on non-English subset

Script Language pairs with matching scripts benefit more from mixing
(∆ = 0.814) than mismatched pairs (∆ = 0.622); the mean
difference is ∆ = 0.192 with 95% CI [−0.018, 0.395].

Family Family distance shows a weak negative association (Spearman
ρ = −0.306, 95% CI [−0.559, −0.019]); the binary family
split is not strongly separative.

Resource No monotonic trend, but lower-resource pairs show larger mean
gains (∆ = 1.006 for L–L pairs vs. ∆ = 0.560 for H–H).

Table 2: The effects of script, family, and resource
level on mixing gains. Reported 95% CIs use a cluster
bootstrap over language pairs. These probes suggest
only weak secondary effects.

Mixing gains also depend on how strong the
best monolingual endpoint already is. Figure 9
shows that ∆ is negatively correlated with the better
endpoint score (Spearman ρ = −0.607): When a
monolingual endpoint is strong, there is little room
for interpolation to help. This trend is driven by
settings with English documents (EN pairs: ρ =
−0.684), and when documents exclude English,
the correlation is weak (ρ = −0.117).

Bilingual documents help mainly when English
is absent. We compare the score when retriev-
ing from a bilingual document-language settings
(L1+L2) against the better of the two monolingual
document settings (max over L1-only and L2-only),

26 28 30 32 34
Best endpoint nDCG@10

0

1

2

3

 n
DC

G@
10

Headroom scatter
Mono non-EN docs
Bilingual docs
without EN
Mono EN docs
Bilingual docs
with EN

Figure 9: ∆ vs. the stronger endpoint’s nDCG@10. The
negative trend is largely driven by settings with English
documents, where endpoints are already strong.

Pair type Mean Gain #(Gains> 0) #(Gains> 0.1)

Non-EN +0.4475 21/22 19/22
EN +0.0101 8/13 3/13

Table 3: Benefit of bilingual documents measured by
the improvement of bilingual documents over the better
monolingual document settings. Gains are common for
non-EN pairs, but typically negligible for EN pairs.

holding the same query set and retriever fixed. Ta-
ble 3 shows that bilingual document-language set-
tings are usually helpful for non-English pairs, but
is small and inconsistent for pairs containing EN.

5 Ablation: Model Family and Scale

To ensure that our findings are generalizable to
other models, we experiment with alternative multi-
lingual embedding models and under different sizes
of Qwen3. Ablations are evaluated on the 100k-
passage subset (Appendix §B). We choose the fol-
lowing: multilingual-e5-large-instruct (Wang et al.,
2024) , gte-multilingual-base (Zhang et al., 2024),
jina-embeddings-v3 (Sturua et al., 2024), Qwen3-
Embedding-0.6B/4B/8B (Zhang et al., 2025).

Model family. In Table 4, the English-in-index
effect in Finding 4.3 is consistent across families:
when English is indexed (EN docs), ∆ is near zero,
whereas on non-English documents (ZH/AR/DE
docs), mixing yields clear gains. Moreover, Ta-
ble 4 also validates that English is the strongest
mixing partner across all four model families on
ZH docs. The location of the best interior mixture
is also stable across models: when mixing helps
on non-English-only documents, optima typically
fall near balanced (often λ∗ = 50), while on En-
glish documents, the best is often at the English
end (λ∗ ∈ {0, 10}), consistent with Finding 4.4.
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Setting Index E5 GTE Jina Qwen3 (0.6B) Qwen3 (4B) Qwen3 (8B)

English factor: English documents ⇒ endpoint-bounded

EN–ZH EN docs −0.018 (10) −0.054 (10) −0.147 (10) −0.188 (10) +0.006 (30) +0.053 (10)
EN–AR EN docs −0.042 (10) −0.217 (10) +0.010 (10) −0.446 (10) +0.002 (10) +0.069 (10)
EN–DE EN docs +0.076 (10) −0.037 (10) +0.103 (10) −0.019 (10) +0.157 (10) +0.053 (10)

English factor: non-English documents ⇒ interior gains

EN–ZH ZH docs +2.167 (70) +2.528 (50) +2.603 (50) +2.619 (50) +1.002 (30) +0.843 (50)
EN–AR AR docs +5.684 (50) +6.088 (30) +4.331 (50) +7.384 (50) +1.789 (30) +1.190 (30)
EN–DE DE docs +2.211 (50) +2.434 (30) +1.967 (30) +2.753 (50) +1.037 (30) +0.235 (30)

EN as a strong mixing partner: doc-language fixed partner checks

On ZH docs: EN is strongest among tested partners
AR–ZH ZH docs +0.468 (90) +0.116 (90) +0.608 (70) +0.454 (90) +0.528 (70) +0.702 (70)
EN–ZH ZH docs +2.167 (70) +2.528 (50) +2.603 (50) +2.619 (50) +1.002 (30) +0.843 (50)
ID–ZH ZH docs +1.147 (70) +1.022 (70) +1.169 (70) +0.912 (70) +0.451 (70) +0.572 (70)
ZH–RU ZH docs +0.988 (30) +0.458 (30) +1.366 (30) +0.730 (30) +0.441 (30) +0.860 (30)

Table 4: Model family and Qwen3 scale ablation. Each cell reports ∆ nDCG@10, with λ∗ (percent) in parentheses.
Cells are shaded by the sign and magnitude of ∆ (blue: positive, red: negative; darker = larger).
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Figure 10: Typology distance of language pairs vs. mix-
ing gain ∆. The negative trend is present but modest.

Scale. We further evaluate Qwen3 embedding
models at three sizes, with the results in Table 4’s
rightmost columns. The English factor (Find-
ing 4.3) persists under scaling: when English is
indexed (EN docs), ∆ is close to zero, whereas on
non-English documents (ZH/AR/DE docs) mixing
yields positive gains. While there are occasional
positive values on English-document settings, these
are still much smaller compared to the gains when
retrieving non-English documents, so they do not
contradict our earlier conclusion that mixing does
not enhance English retrieval. Scaling generally
improves monolingual endpoint scores, which nat-
urally reduces the magnitude of ∆, but does not
change most patterns. Moreover, scale ablations
also support English being the strongest mixing
partner (Finding 4.3): holding document language
fixed to ZH, English remains a stronger mixing
partner across all model sizes. We thus conclude
that the findings are generally consistent beyond a
single model size or family.

6 Conclusion

We presented a ratio-controlled study of mixed-
language query retrieval in multilingual dense re-
trieval using embedding-level mixing and discov-
ered that interior mixtures outperform the best
monolingual endpoint in many cases. Crucially,
we find that these mixing effects are strongly con-
ditioned by English. When English is absent
from the indexed documents, intermediate mix-
ing is uniformly beneficial in our tested settings;
when English is present, mixing becomes neutral.
We further show that, holding the document lan-
guage fixed, English is the strongest mixing partner
among those tested.

Overall, embedding-level mixing via interpola-
tion provides a cheap and controlled diagnostic for
language-mixing sensitivity. Crucially, our find-
ings provide actionable deployment strategies for
multilingual RAG practitioners: when searching
English-inclusive documents, systems should de-
fault to pure English queries to avoid performance
degradation. Conversely, for non-English indices,
embedding mixing serves as an effective, test-time
augmentation strategy to maximize retrieval recall.

For future work, extending this framework to en-
compass natural, organically mixed queries will be
critical to addressing the sociolinguistic complexi-
ties that translation-based data cannot capture. Ad-
ditionally, exploring the interpolation of multiple
languages simultaneously is a promising direction
for test-time scaling, potentially unlocking even
greater retrieval performance across highly diverse
and low-resource linguistic settings.
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Limitations

We mix two monolingual query embeddings with
a chosen weight, using parallel translations of the
same query. We chose this setup because it keeps
the query meaning fixed and lets us change only
the mixing weight, so the results are easier to inter-
pret across many language pairs and index settings.
This does not cover all issues in real typed code-
mixed queries (e.g., spelling variation, transliter-
ation, irregular switch points, or language identi-
fication errors). To reduce this gap, we also com-
pare against word-level mixing for EN–ZH and add
three more pairs in Appendix C.1. These checks
support our ratio-trend claims, but they are still
controlled generation tests, not full coverage of
naturally typed mixed queries.

Our main study requires aligned queries across
languages and comparable document collections,
so we rely on the languages and translations pro-
vided by mMARCO. We did not add more lan-
guages by creating new translations, because trans-
lation quality control and evaluation alignment
would become a separate project, and would make
it harder to keep the study consistent and repro-
ducible. For the same reason, we do not attempt
to cover all possible language pairs: the number
of pairs grows quickly. Moreover, obtaining par-
allel data for low-resource languages requires sub-
stantial resources. Future work could consider ex-
panding our study to multiple languages and more
natural code-mix settings.

Ethical Considerations

We use open-source datasets and models to study
the behavior of retrieval encoders for code-mixed
queries. It helps to understand the models better.
We do not see any potential risk or ethical impact.
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Token-level Mixing (Word-mix) Process & Ratios

Inputs (Monolingual Queries)

L1 Query (e.g., EN): "What are the causes of volcanic eruptions?"

L2 Query (e.g., ZH): "火山噴發的原因有哪些?"
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Figure 11: Illustration of Word-level query mixing via
LLM, with examples.

A Word-mix Query Generation Details

This appendix describes how we synthesize token-
level code-mixed queries for the EN–ZH validation
in §3.2. Figure 11 shows an overview. The goal
is not to optimize a new retrieval method, but to
sanity-check whether the trend under embedding
interpolation (embed-mix) is consistent with trends
observed when mixing languages at the word level.

A.1 Pre-filtering of parallel queries

Token-level mixing requires sufficient query length
to meaningfully realize five ratio bands. We there-
fore pre-filter the EN–ZH parallel query pairs using
Stanza (Qi et al., 2020) tokenizer, retaining only
pairs where queries in both languages have at least
6 tokens. This removes very short queries where
ratio control is ill-defined (e.g., the target bands
collapse to the same few token edits). After filter-
ing, 2883 query pairs remain and are used as the
input set for generation.

A.2 Generation task and constraints

For each parallel query pair (qEN, qZH), we prompt
a large language model (LLM) to produce one flu-
ent, single-sentence code-mixed query for each tar-
get ZH-share band. The prompt enforces the fol-
lowing high-level constraints: (i) the output must
be derived only from the given EN and ZH queries
(no invented facts); (ii) the output should not be a
trivial concatenation of the two queries; (iii) the out-
put should avoid redundant repetition of the same
meaning in two languages; and (iv) fluency is pri-
oritized over word-by-word alternation (reordering
is allowed if it improves grammaticality).

A.3 LLM configuration

We generate word-mix queries with gpt-5-mini.
We use the model’s default decoding settings (we

do not override sampling parameters such as tem-
perature or top-p in our API calls). We also con-
strain outputs to be a single JSON object keyed by
band labels, with one string value per band and no
additional text.

A.4 Operational definition of ZH share
We estimate the realized ZH share of a generated
query using Stanza tokenizer. Let #ZH and #EN
be the counts of tokens identified by Stanza as Chi-
nese and English, respectively (digit-only tokens
are dropped). We define the realized ZH share as:

ZHShare(s) = 100 · #ZH

#ZH+#EN
.

All band assignment and filtering decisions use this
measured share rather than the nominal target.

A.5 Band targets and ratio control loop
We use five connected ZH-share bands:

(0, 20], (20, 40], (40, 60], (60, 80], (80, 100).

To guide the model toward each band while keeping
the output length reasonable, we first count the
number of English tokens in the original English
query, nEN. For each band [L,H], we set an initial
target at the band midpoint and convert it into a
token budget:

k ← clip
(
round

(
L+H
2 /100 ·nEN

)
, 1, nEN−1

)
.

In our implementation, we express this target as a
constraint on the number of English tokens to keep:

nkeepEN = nEN − k,

which implicitly encourages approximately k Chi-
nese tokens if the total length stays close to the
original.

Generation is performed with a bounded feed-
back loop (small fixed number of attempts in our
runs). After each attempt, we measure the realized
ZH share ZHShare(s):

• Accept: if 0 < ZHShare(s) < 100 and
the measured share falls inside the requested
band.

• Adjust and retry: if the output is degener-
ate (all-EN or all-ZH) or falls outside the re-
quested band, we adjust the token budget for
that band and retry. The adjustment moves by
at least one token (when possible) and scales
with how far the measured share is from the
band boundary.
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A.6 Filtering and band assignment
We discard degenerate outputs that are not truly
mixed (all-EN or all-ZH under the measurement
above). When an output is code-mixed but lands
in a different band than requested, we assign it to
the band implied by its measured share (rather than
force-editing it to hit the target band). This reduces
brittleness and avoids unnatural rewrites purely to
satisfy a ratio constraint.

For band-wise retrieval comparisons, we then
take the intersection of query IDs that have an ac-
cepted generation in each of the five bands. This
yields 1484 common queries, and all word-mix
retrieval results are computed on this fixed set.

A.7 Comparable query sets across bands
To ensure band-wise retrieval comparisons are not
confounded by different query subsets, we evaluate
word-mix only on the intersection of query IDs that
have at least one accepted output in every band.
This query subset is reduced to 1484 queries. Fur-
thermore, to maintain consistency across all eval-
uations, we use this same subset of 1484 queries
to evaluate all the retrieval results across all experi-
ments in this study.

A.8 Full generation prompt
The following is the exact system prompt template
used in generation. Placeholders are instantiated
per query: the band labels are the five target bands,
and each band is paired with a per-query constraint
on the number of English tokens to keep (computed
from nEN as described above).

System prompt template

You are a bilingual re-writer.
Return a JSON object where each key is a band
label and each value is ONE fluent, natural
code-mixed sentence derived ONLY from the
given EN & ZH pair (reuse words/phrases; do
not invent facts).
Code-mixing is the intra-sentence blending
of two or more languages—injecting words,
morphemes, or grammar from one language into
an utterance in another.
The generated sentence should not be just a
concatenation of two original sentences; you
should not repeat words of the same meaning
from different languages.
Bands to produce: <BAND_LABELS>.
Fluency and Accuracy are the top priority.
Preserve the original meaning fully with
all information present. Avoid choppy,
word-by-word alternation.
Ensure the Code-mixing is smooth and seamless,
with good grammar and syntax in both

languages.
You should consider to reorder or replace an
English word with its Chinese counterpart (and
vice-versa) to achieve best fluency.
Target constraints per band:

- "<L-H>": use exactly <N_keepEN> English
words

- "<L-H>": use exactly <N_keepEN> English
words

- "<L-H>": use exactly <N_keepEN> English
words

- "<L-H>": use exactly <N_keepEN> English
words

- "<L-H>": use exactly <N_keepEN> English
words
Keep overall length roughly similar to the
original sentence; small deviations are fine
if more natural.
Strictly output JSON only with exactly these
keys and string values. No extra commentary.
For example:
Given:

EN: "What are the causes of volcanic
eruptions?"

ZH: "火山的原因有哪些?"
Output:

{
"0-20": "What are the 原因 of volcanic

eruptions?",
"20-40": "What are the 原因 of 火山

eruptions?",
"40-60": "What are the 原因 of 火山?",
"60-80": "What are 火山的原因?",
"80-100": "火山的原因有 what?"

}

A.9 Word-Mix Generation Samples

Word-mix generation via the use of LLM is often
hard to control in terms of the exact ratio and the
quality of the query. Below we give some examples
of the generated queries and their problems.

Semantic drift. Some generated queries drift
semantically because key content words or con-
straints are dropped, leaving only a partial condi-
tion or an underspecified fragment. In these cases,
the mixed query no longer preserves the original
information need.

• qid=660957 (band 40–60): 如果 you 有
gout?
English reference (band 0): what foods are
good if you have gout?
Issue: the main intent (“what foods are
good”) is omitted; the mixed query reduces to
only the condition (“if you have gout”).

• qid=808235 (band 60–80): 什么是pill?
English reference (band 0): what is the best
erectile dysfunction pill
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Issue: the medical condition (“erectile dys-
function”) and the superlative constraint
(“best”) are dropped; the query becomes a
generic “what is a pill?” question.

• qid=583686 (band 40–60): 内眼角痒 why?
English reference (band 0): what cause an
itch in inside corner of eye
Issue: the query becomes a terse fragment;
the causal intent is only weakly expressed by
an isolated “why?”, which makes the request
less explicit than the English reference.

Acronym handling. Some queries contain
acronyms, short forms, or single-letter symbols
that are not naturally translated. As a result, these
tokens often remain in Latin script even when the
rest of the query is largely Chinese. This makes the
realized Chinese-token ratio harder to control for
short queries.

• qid=1082779 (band 60–80): k在silverado中
代表什么
English reference (band 0): what does the k
stand for in silverado
Issue: k is a single-letter symbol that remains
untranslated; in short queries, a few such to-
kens can noticeably shift the realized ratio.

• qid=2798 (band 100): Suddenlink是否携带
ESPN3
English reference (band 0): Does Suddenlink
Carry ESPN3
Issue: ESPN3 (and the brand name
Suddenlink) stays in English, so even
the translated Chinese query contains
non-Chinese tokens.

• qid=257885 (band 80–100): 处理您的 SSA
退休福利申请需要多长时间？
English reference (band 0): how long does it
take to process your request for ssa retirement
benefits?
Issue: SSA is not translated; the acronym is
also normalized to uppercase here, creating a
surface mismatch with the English reference.

Duplication. Some mixed queries include redun-
dant material from both languages. This can appear
as (i) bilingual duplication of the same function
words (e.g., two ways of expressing “how”).

• qid=1099108 (band 0–20): how does your
dna fit inside your cells如何？

English reference (band 0): how does your
dna fit inside of your cells?
Issue: the question word is duplicated (how +
如何), producing an unnatural mixed form.

• qid=160255 (band 0–20): Do you toast at the
rehearsal dinner吗?
English reference (band 0): do you give a
toast at rehearsal dinner
Issue: English already marks interrogativity;
adding the Chinese question particle吗 dupli-
cates question marking and hurts fluency.

• qid=904389 (band 0–20): what time does
chick-fil-a close close what早餐?
English reference (band 0): what time does
chick-fil-a breakfast close
Issue: close is repeated (close close) and an
extra what is inserted, while早餐 duplicates
the already-present “breakfast” concept.

Additionally, to make comparisons meaningful,
we have to ensure the queries are generated in all
bands. If any issues arise in one band during gener-
ation, we will have to drop the entire query across
bands. This makes the process highly resource-
intensive if we want to ensure the quality of the
code-mix generation across all mix ratio.

B Constructing a 100k mMARCO subset

We build a fixed 100,000 document subset of
mMARCO to reduce indexing cost while keeping
document identities aligned across languages. The
subset is defined purely by document IDs and is
reused for every language index.

Step 1: include all judged-relevant documents.
We first collect the set of unique document IDs
that appear in the qrels from BeIR/msmarco-qrels
(validation split) as relevant (i.e., documents judged
relevant to at least one validation query). Every
document whose ID is in this set is always included
in the subset.

Step 2: fill up to 100k with additional documents.
Next, we scan through the document collection and
add further documents whose IDs are not in the
qrels-derived set until the subset reaches exactly
100,000 documents in total. In our runs, this “fill”
step is deterministic in the sense that we keep ev-
ery encountered non-relevant document (i.e., no
sampling) until the target size is reached.

31557



Step 3: mirror the same subset across languages.
mMARCO uses consistent document identifiers
across languages. After selecting the 100,000
document IDs once, we construct each language-
specific index by keeping only those documents
whose IDs belong to this fixed subset. As a result,
different language indices contain different texts,
but they correspond to the same underlying set of
100,000 documents.

C Additional Experiments

C.1 More pairs for word-mix vs. embed-mix

This study extends the proxy check in §4.1.
We keep the same 100k setup, the same re-
triever (BGE-M3), and the same mix-ratio set
{0, 10, 30, 50, 70, 90, 100}. We evaluate four pairs:
EN–ZH, EN–VI, ZH–VI, and HI–ID. For each pair
we test the same three document-language settings
(L1 docs, L2 docs, and L1+L2 docs), giving 12
settings in total.

Figures 12 and 13 show the results for each lan-
guage pair. Best word-mix retrieval is always at
a pure monolingual query (0/100), while embed-
mix is usually best at an interior mix ratio (10-
90). At most matching ratios (10, 30, 50, and 70),
embed-mix is better than word-mix in all 12 set-
tings, with mean gains of +3.43, +5.36, +6.09, and
+5.25 nDCG@10. This supports the same main
claim as the EN–ZH-only check: the gain is not
just from inserting target-language words into the
query.

We reach the same conclusion as mentioned in
Section 4.1. First, embed-mix is a valid proxy for
ratio trends beyond one pair. Second, the gain is
not explained by simple surface-level word mixing,
because word-mix interior points are not the best
in these settings.

C.2 Extension to low-resource languages

The original mMARCO dataset contains no band
0–2 languages, so we add an extension on En-
glish paired with five low-resource languages: Sin-
hala (SI) in resource band 0, Nepali (NE), Khmer
(KM) in band 1, Amharic (AM), and Swahili
(SW) in band 2. We translated the documents
to the corresponding low-resource language us-
ing the NLLB-3.3B model (NLLB Team et al.,
2022), and translated the queries using gpt-5-mini.
We use the same retriever (BGE-M3), the same
100k-passage setup, and the same set of ratios
{0, 10, 30, 50, 70, 90, 100} as in the main study.

Table 5 shows the same split as in the main study.
All five low-resource-language setups have posi-
tive ∆ nDCG@10 with 95% confidence intervals
strictly above zero, with mean ∆ = +4.33. The
optimal ratio is balanced in four of the five cases
(λ∗ = 50), with Swahili peaking slightly closer to
English (λ∗ = 30). In contrast, there are no clear
gains in English-inclusive settings: the mean gain
is only +0.13 on EN-only documents and +0.02
on EN+L documents, and all ten 95% intervals in
these English-inclusive settings cross zero. This
suggests that the main observations persist even
when we move beyond the resource range covered
by mMARCO.

C.3 Evaluating strictly monolingual
document and queries for non-Latin
languages

We next check whether the embedding-mix gains
are mostly caused by impure translated text: doc-
uments or queries may still include many English
words from the original dataset, as it is based on
translation. To filter out impure documents and
queries, we choose only the non-Latin languages:
AR, HI, JA, RU, and ZH, because the classification
of impure translations will be more clear-cut. We
classify the text as impure if the text contains any
Latin-letter strings. We then rerun the full exper-
iments on the same settings in our main studies:
each language is paired with English as L1 and
L2. For each non-Latin language, we rebuild its
index using only documents classified as pure for
that language. For evaluation, we keep only query
IDs that still have valid judged documents after
document filtering, and we also remove queries
classified as impure. Tables 6 and 7 show the effect
of such filtering. Overall, a number of documents
and queries are impure, and we will investigate
later what causes such language mixing.

Table 8 shows that the conclusion remains: mix-
ing helps most when English is not in the docu-
ment index, and helps much less when English is
already in the index. The largest gains are still on
non-English monolingual indexes for EN-X pairs
(EN–HI on HI docs +1.7161, EN–AR on AR docs
+1.1344, EN–JA on JA docs +1.1261, EN–RU on
RU docs +0.9035).

Compared with the full main study, the average
gain is smaller after purity filtering (mean ∆ =
+0.3347 here vs. +0.7037 in the full setting). This
suggests that the existence of English words in
documents can partially contribute to the gain in
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Figure 12: Word vs Embed mix ratio curves for EN–ZH and EN–VI.

Pair ∆ on EN docs ∆ on L2 docs λ∗ on L2 docs 95% CI on L2 docs ∆ on EN+L2 docs

EN–AM +0.21 +7.04 50 [5.78, 7.90] +0.13
EN–KM +0.13 +2.82 50 [2.09, 3.83] -0.18
EN–NE +0.15 +2.86 50 [2.05, 3.75] +0.13
EN–SI +0.03 +4.60 50 [3.47, 5.67] -0.03
EN–SW +0.13 +4.32 30 [3.55, 5.12] +0.06

Table 5: Low-resource extension on five under-resourced languages paired with English. Each row reports the ∆
(mixing gains) under the same 100k setup and ratio set as the main study.

Language Pure docs Pure share (%)

AR 4,810,036 54.4
HI 6,805,767 77.0
JA 4,573,928 51.7
RU 4,964,775 56.2
ZH 4,180,503 47.3

Table 6: Document purity check. The original dataset
has 8.8 million documents. ‘Pure‘ means a document is
strictly monolingual (no latin characters).

the unfiltered corpus.

Investigation of translation impurity. To better
understand what the rule-based filter is removing,
we also ran an audit on the judged relevant ZH
documents that had already been flagged as impure.
The taxonomy has seven classes over the Latin
residue, as listed in Table 9. We use ChatGPT 5.4 to
assist in creating the taxonomy and run automatic
data annotation.

Table 9 shows that the most common impurity
types are English named strings (56.4% of docu-
ments; names such as people, places, brands, or

Document setup Avg. No. Queries Kept %

L1-only docs 892.4 60.1
L2-only docs 822.3 55.4
L1+L2 docs 724.1 48.8
All settings 812.9 54.8

Table 7: The effect of query filtering based on purity.
Baseline is 1,484 queries per setting before filtering.

titles) and acronyms (47.5%; short forms such as
agency names or medical terms). More than one
impurity type is also common: 38.2% of the au-
dited documents have more than one label, and
the most common pair is English named strings to-
gether with acronyms and abbreviations (15.1% of
all documents). Structured codes/measures (such
as model names, file paths, or measurement strings)
also appear in 17.3% of the documents. Overall,
the impurity mainly comes from English entities,
abbreviations or codes that are best kept in En-
glish. This suggests that the translation quality is
adequate in the original dataset, and the benefit of
mixing goes beyond simply lexical match.
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Figure 13: Word vs Embed mix ratio curves for ZH–VI and HI–ID.

Statistic Value

∆ nDCG@10 > 0 37/45 (mean ∆=
+0.3347)

∆ MRR@10 > 0 35/45
∆ Recall@10 >0 36/45
EN in index (mean ∆) -0.0221 (6/10 negative)
EN not in index (mean ∆) +0.4367 (2/35 negative)
Largest gain EN–HI on HI docs:

+1.7161 at λ∗ = 70

Table 8: Main outcomes from purity-filtered results.

C.4 Lightweight router for optimal mix-ratio
guidance

In this section, we investigate whether the ratio
patterns observed in Section 4.4 can be operational-
ized into a simple routing rule. Specifically, we test
a lightweight policy router that predicts the opti-
mal mixing ratio using only the language pair and
the document-language setting (L1, L2,Doc_lang).
Crucially, this router does not compute any query
or document text features at inference time.

To build the router, we separate our data into
a “training” set to build the policy and a held-
out evaluation set (the same dataset used through-
out the main study). For each language setting,
the router evaluates a discrete set of mixing ra-
tios {0, 10, 30, 50, 70, 90, 100}. The policy is con-
structed via a simple lookup table:

1. Compute the mean training nDCG@10
for each ratio within a specific
(L1, L2,Doc_lang) setting.

Impurity label present in docu-
ment

Docs Share (%)

English named strings 418 56.4
Acronyms / abbreviations 352 47.5
Structured codes / measures 128 17.3
Common English lexical items 92 12.4
Encoding garble 73 9.9
Source or template residue 30 4.1
Romanized non-English or Latin
scientific terms

12 1.6

Table 9: Impurity labels appearing in 741 audited im-
pure judged-relevant ZH documents. A document can
contribute to multiple rows.

2. Store the ratio that yields the highest mean
score for that setting.

At runtime, the system performs a zero-cost lookup,
instantly applying the stored optimal ratio for the
given language setup.

As shown in Table 10, this low-cost router suc-
cessfully selects the exact optimal ratio in 200 out
of 273 settings. Its overall performance (29.34)
is remarkably close to the theoretical oracle up-
per bound (29.39), meaning it retains nearly all
the potential gain over the monolingual endpoints.
Furthermore, the router beats a naive baseline that
applies a fixed 50% mix ratio globally.

These results demonstrate that complex, dy-
namic feature extraction is not strictly necessary
for test-time query mixing. With a small amount
of tuning data, practitioners can deploy a highly ef-
fective, zero-compute policy table to reliably boost
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Held-Out Evaluation Metric Value

Settings matching oracle optimal ratio 200 / 273

Mean nDCG@10 (Router Policy) 29.3483
Mean nDCG@10 (Oracle Upper Bound) 29.3981
Mean nDCG@10 (Global 50% Baseline) 28.8432

Mean gain over best monolingual endpoint +0.7190
Upper-bound theoretical mean gain +0.7634
Wins / Ties / Losses vs. best monolingual 251 / 14 / 8

Table 10: Held-out results for the lightweight router.
The “best monolingual endpoint” refers to the standard
practice of matching the query language to the document
language.

Subset Peak

Pair Document Index # Location Count

Non-EN Monolingual; L1-only or
L2-only 44

pdoc(λ
∗)=0.7

pdoc(λ
∗)=0.5

pdoc(λ
∗)=0.9

35
7
2

with EN Monolingual; EN-only 13
pdoc(λ

∗)=1.0

pdoc(λ
∗)=0.9

8
5

with EN Monolingual; non-EN-only 13
pdoc(λ

∗)=0.5

pdoc(λ
∗)=0.7

11
2

Non-EN Bilingual; L1+L2 22

λ∗=10
λ∗=30
λ∗=50
λ∗=70
λ∗=90

2
5
7
7
1

with EN Bilingual; EN+L2 13
λ∗=0
λ∗=10
λ∗=30

9
3
1

Table 11: Optimal query mixing ratio. For monolingual
document-language settings, peak location is reported
as pdoc(λ

∗); for bilingual document-language settings,
peak location is reported as λ∗ (in %).

multilingual retrieval performance.

D Additional Findings

English as the best mixing partner. We show
the full results of mixing with different languages
in Table 12. We observe that across all pairs, En-
glish offers a unique advantage, showing a strong
dominance in query representation.

Full results for the optimal query ratio. In Ta-
ble 11 we show the full results for finding the opti-
mal query mixing ratio under different settings,
complementing figure 8. We see that for non-
English pairs on monolingual document-language
settings, the optimal mixing ratio is typically near
pdoc(λ

∗) ≈ 70 (35/44 settings). For EN pairs, op-
tima are bimodal: in the setup with only English
documents, the best is usually unmixed (λ∗ = 0 in
8/13), while for non-English document settings, the
best often occurs near balanced mixing (λ∗ = 50

in 11/13). Finally, when English is absent and
the documents contain both L1 and L2 documents
(bilingual), the optimal ratio appears normally dis-
tributed due to the symmetry (i.e., we can switch
L1 and L2). In contrast, when English is present in
the pair and documents are of EN+L2, it is advised
not to mix (λ∗ = 0 is the peak). These observa-
tions are consistent with our previous findings on
the dominance of English.

Full Results for Model Family Ablation. In Ta-
ble 13, we show the full results for model family ab-
lation. Our findings are generally consistent across
model families. In essence, the embedding models
are often trained in an unsupervised way from web
corpora, so we expect that the language representa-
tions are similar and English is dominant.

E Additional Related Work

Training and augmentation with code-switching.
Several studies explore synthetic or induced code-
switching during training to improve cross-lingual
robustness, sometimes with contrastive objectives
that separate semantic relevance from language
alignment (Litschko et al., 2023; Do et al., 2024).
While this work suggests code-mixing can be ex-
ploited as a training signal, our focus is comple-
mentary: we conduct evaluation and analysis of
off-the-shelf multilingual dense retrievers and char-
acterize when mixing helps or hurts under a con-
trolled setup.

F License of Artifacts

The dataset we used is mMARCO, which follows
Apache-2.0 license. For the BGE-M3 model, it
uses MIT License.

G Use of LLMs

Large language models, including ChatGPT and
Gemini are used for polishing the text and fixing
grammar errors. The ideation and implementation
process did not involve LLMs.
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Doc language (L) # partners Partner languages ranked by ∆ on L-only documents

AR 3 EN (+2.92) > ZH (+1.49) > HI (+1.24)
DE 5 EN (+1.80) > IT (+0.94) > NL (+0.81) > ES (+0.74) > FR (+0.67)
ES 6 EN (+1.66) > PT (+0.70) > NL (+0.65) > FR (+0.65) > IT (+0.47) > DE (+0.25)
FR 6 EN (+1.29) > NL (+0.55) > IT (+0.52) > ES (+0.52) > DE (+0.49) > PT (+0.38)
HI 4 EN (+1.97) > AR (+0.77) > JA (+0.49) > ZH (+0.43)
ID 3 EN (+1.32) > ZH (+0.41) > VI (+0.39)
IT 6 EN (+1.72) > DE (+1.14) > NL (+1.12) > ES (+1.10) > PT (+1.07) > FR (+1.05)
JA 4 EN (+1.13) > RU (+0.38) > HI (+0.33) > ZH (+0.11)
NL 5 EN (+2.01) > DE (+1.12) > ES (+1.10) > FR (+0.72) > IT (+0.65)
PT 4 EN (+1.69) > ES (+1.32) > IT (+1.20) > FR (+0.88)
RU 3 EN (+1.99) > JA (+0.66) > ZH (+0.51)
VI 2 EN (+2.36) > ID (+1.61)
ZH 6 EN (+1.72) > ID (+1.06) > RU (+0.93) > HI (+0.46) > JA (+0.38) > AR (+0.31)

Table 12: English is the strongest mixing partner under monolingual indexing. For each non-English document
language L, we fix the index to L-only documents and rank the tested partner languages by ∆ (best mixed query
minus the best monolingual endpoint), reported in nDCG@10 (%). English attains the largest ∆ for all 13 non-
English document languages in our study.

Setting Index E5 GTE Jina Qwen (0.6B)

English factor (Finding 1): English in index ⇒ endpoint-bounded

EN–ZH EN docs −0.0175 (10) −0.0544 (10) −0.1473 (10) −0.1878 (10)
EN–AR EN docs −0.0422 (10) −0.2170 (10) +0.0103 (10) −0.4459 (10)
EN–DE EN docs +0.0755 (10) −0.0371 (10) +0.1034 (10) −0.0194 (10)

English factor (Finding 1): non-English index ⇒ interior gains

EN–ZH ZH docs +2.1673 (70) +2.5284 (50) +2.6031 (50) +2.6185 (50)
EN–AR AR docs +5.6839 (50) +6.0879 (30) +4.3305 (50) +7.3837 (50)
EN–DE DE docs +2.2110 (50) +2.4341 (30) +1.9674 (30) +2.7530 (50)

EN strongest mixing partner (Finding 2): doc-language fixed partner checks

On ZH docs: EN is strongest among tested partners
AR–ZH ZH docs +0.4680 (90) +0.1159 (90) +0.6077 (70) +0.4542 (90)
EN–ZH ZH docs +2.1673 (70) +2.5284 (50) +2.6031 (50) +2.6185 (50)
ID–ZH ZH docs +1.1465 (70) +1.0216 (70) +1.1687 (70) +0.9120 (70)
ZH–RU ZH docs +0.9883 (30) +0.4582 (30) +1.3659 (30) +0.7300 (30)

On DE docs: EN > NL
DE–NL DE docs +0.6357 (30) +1.9691 (50) +1.0221 (30) +1.1582 (30)
EN–DE DE docs +2.2110 (50) +2.4341 (30) +1.9674 (30) +2.7530 (50)

On AR docs: EN > ZH
AR–ZH AR docs +3.0493 (50) +4.4727 (50) +1.8877 (30) +5.7645 (50)
EN–AR AR docs +5.6839 (50) +6.0879 (30) +4.3305 (50) +7.3837 (50)

On RU docs: EN > ZH
ZH–RU RU docs +0.7890 (70) +1.6164 (70) +0.9810 (70) +2.1950 (50)
EN–RU RU docs +2.2780 (50) +2.7728 (50) +3.3136 (50) +3.9388 (50)

Table 13: Model-family ablation (100k subset index). Each cell reports ∆ nDCG@10 (percentage points), with
λ∗ (percent) in parentheses. Across model families, the English-in-index boundary (Finding 4.3) persists, and
doc-language-fixed partner checks strengthen support for EN as the strongest mixing partner among those tested
(Finding 4.3).
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