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Abstract

We investigate whether multilingual image–
text retrieval can be made practical without
training a multi-modal model, using frozen
multilingual uni-modal encoders and inducing
cross-modal alignment through relative repre-
sentations computed against a large external an-
chor set. We use English image–caption pairs
as anchors and evaluate caption-to-image re-
trieval on 3,600 images with captions in 36 lan-
guages (some low-resource). Across multiple
encoder pairings and hyperparameter settings,
the method yields usable performance, posi-
tioning training-free relative representation as
a baseline for multilingual cross-modal align-
ment when target-language multi-modal train-
ing data is unavailable.

1 Introduction

Vision–language retrieval is usually approached
by learning a shared embedding space from large
collections of paired image-text data, such as in
CLIP and LiT (Radford et al., 2021; Zhai et al.,
2022). These models are powerful, but their effec-
tiveness depends on large-scale supervised training
and the availability of these multi-modal pairs. In
multilingual settings, the problem becomes harder:
large multi-modal resources remain uneven across
languages, and even evaluation has required ded-
icated benchmarks such as XM3600, which pro-
vides 3,600 images with reference captions in 36
languages (Jain et al., 2021; Thapliyal et al., 2022).

To address the scarcity of paired multilingual
training data, we investigate a fully training-free al-
ternative based on the ASIF method (Norelli et al.,
2023). ASIF successfully aligns frozen uni-modal
encoders into a joint multi-modal space using cou-
pled data without additional parameter updates. In-
stead of learning a new cross-modal projection, we
keep both pretrained uni-modal image encoders

†Equal contribution.

and uni-modal multilingual text encoders entirely
frozen, aligning them instead through a shared set
of external anchor pairs. Concretely, we use En-
glish image–caption pairs as anchors (Changpinyo
et al., 2021), represent each non-English caption
and image by a sparse top-k vector of similarities
to those anchors, and retrieve images by compar-
ing these modality agnostic relative representations
directly. This framing turns cross-modal retrieval
into a comparison over shared anchor coordinates
rather than over a jointly trained multi-modal space
(Norelli et al., 2023).

Our primary objective is not to supersede fully
trained multilingual vision-language models. In-
stead, we seek to determine how far a purely non-
parametric formulation can go in a realistic, mul-
tilingual retrieval environment in the absence of
target-language paired multi-modal data. By eval-
uating caption-to-image retrieval on the XM3600
benchmark across various encoder pairings and
hyperparameter settings, we position training-free
relative representation retrieval as a viable base-
line for multilingual multi-modal alignment when
target-language paired multi-modal training data is
otherwise unavailable. Specifically, our contribu-
tions are as follows:

• We demonstrate that measurable multilingual
caption-to-image retrieval can be achieved
without training a new multi-modal model or
learning a new multi-modal projection from
target-language paired data.

• We evaluate our pipeline on 3,600 images
across 36 languages (including low-resource
languages) from the XM3600 benchmark.
Our experiments span nine encoder combi-
nations, utilizing state-of-the-art multilingual
text models and vision backbones.

• We establish a modifiable, modular, and par-
tially interpretable (Norelli et al., 2023) em-
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pirical baseline for multilingual cross-modal
alignment in scenarios where multi-modal
training data is limited or absent.

Additionally, we make all of our code and
other resources publicly available to facilitate trans-
parency and replicability.1

2 Related Work

2.1 Multi-modal Alignment and Relative
Representations

Most vision–language retrieval systems learn align-
ment by fitting a shared embedding space from
paired image–text data. Early zero-shot trans-
fer methods learned explicit mappings between
modality-specific representations (Socher et al.,
2013), and this idea was later scaled via contrastive
vision–language pretraining, most prominently
CLIP (Radford et al., 2021). A related thread stud-
ied performance while reusing strong pretrained
uni-modal backbones; for instance, LiT freezes
encoders and learns only a lightweight alignment
objective (Zhai et al., 2022), while Flamingo keeps
large pretrained backbones frozen and introduces
additional cross-attention layers for multi-modal
reasoning (Alayrac et al., 2022). These approaches
still encode alignment in learned parameters and
typically rely on substantial paired training.

Our work is closer in spirit to non-parametric
views of alignment. Relative representations pro-
pose communicating across latent spaces by rep-
resenting inputs through their similarities to a
shared anchor set (Moschella et al., 2023). (Norelli
et al., 2023)’s ASIF method adapts this idea to
multi-modal alignment by treating alignment as a
retrieval-time operation rather than a learned pro-
jection. In parallel, multilingual multi-modal sys-
tems such as MPM and VisCPM show that multilin-
gual language models can act as pivots to help trans-
fer multi-modal behavior learned from English-rich
data to other languages (Hu et al., 2024). Recent
analysis also suggests that stronger language mod-
els tend to exhibit stronger visual alignment in
low-training or frozen-backbone regimes (Ruthardt
et al., 2026). Building on these directions, in this
work we ask a narrower question: can we ob-
tain multilingual cross-modal transfer in a fully
training-free way, using only frozen uni-modal en-
coders and a high-resource anchor bank?

1https://github.com/ushahid/npa-multilingual

2.2 Multi-modal Multilingual Retrieval

Multilingual settings add a practical constraint:
paired image–text data is far less available out-
side high-resource languages. XM3600 provides a
standardized benchmark for multilingual caption-
to-image retrieval (Thapliyal et al., 2022), and mod-
els such as MURAL demonstrate that multilingual
multi-modal representations can be learned when
enough paired data exists (Jain et al., 2021). Mul-
tilingual multi-modal corpora, however, remain
skewed toward a handful of languages including
English, while multilingual text-only resources and
multilingual text encoders are comparatively easier
to obtain at scale. This mismatch motivates our
setup, wherein we keep the anchor bank in a high-
resource language (in our case, English) and rely on
a multilingual text encoder to connect low-resource
captions to those anchors during retrieval.

Zero-shot cross-lingual transfer has also been
studied in trained multilingual vision–language
systems. (Huang et al., 2021) show that multi-
lingual multi-modal pre-training can improve re-
trieval in non-English languages without additional
language-specific annotations, representing a com-
plementary setting to ours. Their approach learns
multilingual multi-modal alignment during pre-
training, whereas we study whether cross-modal
retrieval can be induced at inference time using
frozen uni-modal encoders and an English-only
paired anchor bank.

2.3 Text and Image Encoders

Since our method does not learn a new cross-modal
projection, performance depends heavily on the
quality of the frozen encoders. For text, we include
(i) BGE-M3, a multilingual retrieval-oriented em-
bedding model (Chen et al., 2024), (ii) NLLB-200-
3.3B, a large multilingual model trained with broad
cross-lingual supervision (Costa-jussà et al., 2022),
and (iii) Qwen3-Embed-8B, a recent high-capacity
multilingual embedding model designed for em-
bedding and ranking tasks (Zhang et al., 2025). For
vision, we evaluate encoders spanning contrastive
and self-supervised paradigms: OpenCLIP ViT-
bigG/14 (trained at scale and supported by repro-
ducible CLIP scaling-law analyses) (Cherti et al.,
2023), DINOv3 ViT-7B/16 (Siméoni et al., 2025),
and C-RADIOv4-H, a foundation model that aggre-
gates multiple teacher signals into a single strong
visual representation (Ranzinger et al., 2026).
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Figure 1: Schematic of the proposed relative-representation retrieval pipeline. Given a caption query in any XM3600
language, we compute its similarity profile over CC12M text anchors and compare it against cached similarity
profiles of candidate images over the paired CC12M image anchors. After top-k sparsification and normalization,
images are ranked by similarity in the shared relative-representation space, enabling multilingual cross-modal
retrieval with frozen encoders only.

3 Methodology

We adapt the ASIF relative-representation frame-
work (Norelli et al., 2023) to multilingual caption-
to-image retrieval. The central idea is to avoid
learning a new multi-modal projection and instead
induce cross-modal alignment at retrieval time
through a shared bank of paired anchors. This
design is motivated by the challenges described in
§2: multilingual image–text pairs are scarce and
unevenly distributed across languages, while strong
uni-modal encoders and high-resource paired data
are easier to obtain. Rather than learning a new
shared multi-modal space, we keep a pretrained vi-
sion encoder EV and a pretrained multilingual text
encoder EL fixed, and induce alignment at retrieval
time through an ordered set of paired anchors

A = {(aimg
j , atxtj )}Nj=1.

For an encoded input x′ and an ordered anchor set
{x1, . . . , xN}, the relative representation is

xrel = [sim(x′, x1), sim(x′, x2), . . . , sim(x′, xN )]

where sim(·, ·) is cosine similarity. We instanti-
ate this separately for images and captions while
preserving anchor-pair order:

rimg(v)j = sim(EV (v), EV (a
img
j )),

rtxt(t)j = sim(EL(t), EL(a
txt
j )).

Since the j-th coordinate in both vectors refers to
the same image–text pair, the two representations
become comparable across modalities even though
they originate from different encoder spaces.

Given a caption query t and a set of candidate
images V̂ = {v̂1, . . . , v̂c}, we follow the ASIF as-
sumption and treat the relative representation of
the query caption as if it were the relative repre-
sentation of its ideal image. This corresponds to
defining the ideal image profile by the query itself,
i.e., y∗ := x∗, and retrieving the candidate whose
relative representation is most similar to it (Norelli
et al., 2023). In our implementation this reduces to

s(v̂i, t) =
〈
rtxt(t), rimg(v̂i)

〉
,

v∗ = argmax
v̂i∈V̂

s(v̂i, t).

Here s(v̂i, t) ∈ [−1, 1] represents the retrieval
score for image v̂i given the text query t. This
makes the method fully training-free. Once the uni-
modal embeddings and anchor bank are fixed, re-
trieval is performed entirely by comparing anchor-
based similarity vectors in the modality agnostic
relative representation space.

As in ASIF, to reduce noise in these high-
dimensional vectors, we used sparsification and
exponentiation. Let TopK(r, k) denote the set of
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indices of the top-k entries of r. We keep only
those coordinates,

r̃i =

{
ri if i ∈ TopK(r, k),

0 otherwise,

and then sharpen the remaining values by raising
them to a power p > 1 and applying the L2 norm:

r̂ =
r̃ p

∥r̃ p∥2
.

The final retrieval score is therefore

s(v̂i, t) =
〈
r̂txt(t), r̂img(v̂i)

〉
.

Here, k controls how many anchors remain active,
while p determines the spread of similarity score
distribution. We summarize our overall method in
Figure 1.

In practice, we use CC12M (Changpinyo et al.,
2021) as the fixed anchor bank and XM3600 (Thap-
liyal et al., 2022) as the evaluation set. Image rela-
tive representations are computed once and cached,
caption relative representations are computed on
the fly, and retrieval is implemented as a sparse dot
product between caption and image relative repre-
sentations (RRs). This design keeps the method
modular and interpretable: each active coordinate
corresponds to a specific anchor pair. Additionally,
any of the vision encoder, text encoder, or anchor
bank can be swapped without retraining a multi-
modal alignment layer. Anchor pairs can likewise
be added or removed without retraining, by adding
or removing the corresponding RR dimensions.

4 Experimental Setup

4.1 Datasets and Anchor Bank
We evaluate multilingual caption-to-image retrieval
on XM3600 (Thapliyal et al., 2022), a benchmark
containing 3,600 images with captions in 36 lan-
guages. Following the formulation in §3, we con-
struct the shared cross-modal reference system
from an ordered bank of paired anchors drawn
from a separate large English image–caption col-
lection, CC12M (Changpinyo et al., 2021). Each
anchor pair consists of an image anchor and its
corresponding caption anchor, and the shared or-
dering of these pairs defines the coordinates of the
relative-representation space. CC12M is not used
for fine-tuning or parameter updates; it is used only
to induce alignment non-parametrically at retrieval
time. In the final experiments, we use the first 1.6M
CC12M image–caption pairs as anchors, following
the experimental setup of Norelli et al. (2023).

4.2 Baselines

We compare relative representations to strong base-
lines in the multilingual caption-to-image retrieval
setting. We emphasize that the baselines are in-
tended to set a performance ceiling rather than a
performance floor. To assess feasibility of rela-
tive representations for settings with limited multi-
modal paired data availability, experiments are thus
designed to reveal how the performance of the ap-
proach compares with strong proprietary systems
(e.g., Google Translate) or native multi-modal em-
bedding spaces (e.g., Qwen3-VL).

Two baselines, CLIP + NMT translation and
CLIP + TLLM translation, test the former point.
For each XM3600 caption, we generate English
translations using Google’s Neural Machine Trans-
lation (NMT) model or translation large language
model (TLLM) system; NMT is a popular, baseline
machine translation model and TLLM is the cur-
rent state-of-the-art proprietary machine translation
system.2 We embed the translated captions using
OpenCLIP ViT-bigG/14, and we embed the corre-
sponding XM3600 images using the aligned CLIP
image encoder. Retrieval is performed directly in
the CLIP embedding space using cosine similarity
between caption and image embeddings. Since the
image set is unchanged across translation variants,
image embeddings are computed once and reused
across both translated-caption baselines.

Another baseline, Qwen3-VL-Embedding-8B,
leverages a native multi-modal embedding model.
In this setting, the original XM3600 source cap-
tions in their native languages and the correspond-
ing images are embedded directly by the same
multi-modal model, and caption-to-image retrieval
is again performed by cosine similarity in the
shared embedding space. This baseline is com-
plementary to the translation-based CLIP setup.
Rather than translating queries into English before
retrieval, it uses an off-the-shelf multilingual multi-
modal embedding model to solve the task directly
without an anchor-based alignment step.

4.3 Encoder Combinations

We evaluate nine encoder combinations formed
by pairing three multilingual text encoders with
three vision encoders, as discussed in §2. On
the text side, we use bge-m3, nllb-200-3.3B,
and qwen3-embed-8b. These models were cho-

2https://docs.cloud.google.com/translate/docs/
translation-llm
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sen to cover different kinds of multilingual rep-
resentations: bge-m3 is a retrieval-oriented mul-
tilingual embedding model (Chen et al., 2024),
nllb-200-3.3B is a large translation-oriented mul-
tilingual model whose encoder representations are
shaped by broad cross-lingual supervision (Costa-
jussà et al., 2022), and qwen3-embed-8b is a recent
high-capacity embedding model designed for em-
bedding and ranking tasks (Zhang et al., 2025).
Together, they represent a wide variety of model
sizes and pre-training objectives.

On the vision side, we use C-RADIOv4-H,
CLIP ViT-bigG/14, and DINOv3 ViT-7B/16.
These models span different visual representation-
learning paradigms: CLIP ViT-bigG/14 is a
large contrastive vision encoder (Costa-jussà et al.,
2022), DINOv3 ViT-7B/16 is a self-supervised
vision backbone (Siméoni et al., 2025), and
C-RADIOv4-H is a recent vision foundation model
(Ranzinger et al., 2026). We reiterate that be-
cause our method does not learn a new multi-modal
projection layer, retrieval quality depends directly
on the capability of the frozen uni-modal model;
comparing vision models drawn from different
representation-learning paradigms allows us to iso-
late which model type(s) are best suited for relative
representation settings.

For each text–image encoder pair, both encoders
are kept frozen. Images and captions are embedded
independently, then mapped to the shared anchor-
relative space via cosine similarities to the corre-
sponding image and text anchors. This enables us
to isolate the effect of encoder choice for evalua-
tion.

4.4 Relative-Representation Processing
For every encoder pair, we compute relative rep-
resentations for captions and images using the for-
mulation from §3. We then apply the top-k sparsi-
fication and p exponentiation step. Specifically, we
sweep

k ∈ {200, 400, 800, 1200, 1600}
for sparsification; and

p ∈ {2, 4, 8}
for the elementwise exponent and pick the best per-
forming hyperparameters based on our evaluation
metric. After this processing, caption queries and
image candidates are compared by the dot prod-
uct between their normalized relative representa-
tions. This produces a fully training-free retrieval

pipeline in which the only changes across runs are
the encoder pair and the relative-representation hy-
perparameters.

4.5 Evaluation Protocol
We evaluate our approach within the framework of
caption-to-image retrieval task. Given a query cap-
tion in one of the XM3600 languages, the system
ranks all 3, 600 candidate images based on the re-
trieval score descibed in §3 and the results are con-
sidered correct if the corresponding image is ranked
within the top-K results. We report Recall@K for

K ∈ {1, 5, 10, 25, 50},
For evaluations, we use all available XM3600

captions as queries, yielding 261,375 captions in
total. This setup allows us to measure not only over-
all retrieval quality, but also how well the anchor-
based transfer mechanism holds across a diverse
multilingual benchmark.

4.6 Compute Environment
All experiments were run on a single NVIDIA
H200 NVL GPU with 143GB device memory. The
host machine provided 251GiB RAM and approx-
imately 14TB of local NVMe storage. Since the
method is training-free, computation is dominated
by embedding inference and anchor-relative re-
trieval rather than by multi-modal optimization.
The experiments required approximately one week
of GPU time. Translation baselines were imple-
mented using the Google Cloud Platform API;
generating the necessary captions using the NMT
and TLLM models costing us approximately $579
USD.

5 Results

5.1 Overall Comparison
Table 1 compares the best run for each relative-
representation (RR) encoder pair against the three
dense baselines. Within the proposed RR setting,
the strongest configuration is Qwen3-Embed-8B
+ C-RADIOv4-H, which reaches 57.5 R@10 at
(k, p) = (800, 4). It is followed closely by
Qwen3-Embed-8B + CLIP ViT-bigG/14 at
56.9 R@10, while Qwen3-Embed-8B + DINOv3
ViT-7B/16 reaches 49.9 R@10. The BGE-M3
pairs form a clear middle tier, with best R@10
values between 38.9 and 46.5, and the NLLB-200-
3.3B experiments show substantially weaker per-
formance, with best R@10 values between 17.5
and 20.4.
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Method k p R@1 R@5 R@10 R@25 R@50

CLIP + NMT translation – – 64.0 85.4 90.6 95.2 97.3
CLIP + TLLM translation – – 65.8 87.1 92.1 96.4 98.2
Qwen3-VL-Embedding-8B – – 63.8 83.2 88.0 92.3 94.4

Qwen3-Embed-8B + C-RADIOv4-H 800 4 21.2 46.1 57.5 71.2 79.8
Qwen3-Embed-8B + CLIP ViT-bigG/14 1200 8 21.0 45.5 56.9 70.6 79.2
Qwen3-Embed-8B + DINOv3 ViT-7B/16 800 2 17.2 39.0 49.9 63.3 72.4

BGE-M3 + C-RADIOv4-H 1200 4 15.0 35.4 46.5 61.5 72.4
BGE-M3 + CLIP ViT-bigG/14 800 4 14.5 34.6 45.6 60.7 71.3
BGE-M3 + DINOv3 ViT-7B/16 800 2 12.3 29.4 38.9 52.8 63.3

NLLB-200-3.3B + C-RADIOv4-H 1600 4 5.6 14.7 20.4 29.4 37.1
NLLB-200-3.3B + CLIP ViT-bigG/14 1600 4 5.0 13.6 19.1 27.9 35.8
NLLB-200-3.3B + DINOv3 ViT-7B/16 1600 2 4.7 12.5 17.5 25.5 32.6

Table 1: Overall caption-to-image retrieval results on XM3600. For the proposed relative representation method,
each row reports the configuration with the highest R@10 for that text–image encoder pair over the (k, p) sweep. The
three top rows are dense retrieval baselines that do not use anchor-relative representations. Scores are percentages.

% Pairs Emb. size
(GB)

RR cost
(TFLOP)

Avg.
R@10 ±σ

1 16K 0.40 0.27 42.42 ± 0.53
2.5 40K 0.99 0.67 46.65 ± 0.18
5 80K 1.98 1.34 49.85 ± 0.39

7.5 120K 2.98 2.01 51.44 ± 0.31
10 160K 3.97 2.68 52.56 ± 0.23
15 240K 5.95 4.03 53.80 ± 0.15
20 320K 7.93 5.37 54.48 ± 0.12
25 400K 9.92 6.71 55.00 ± 0.10
30 480K 11.90 8.05 55.38 ± 0.11
40 640K 15.87 10.73 55.93 ± 0.16
50 800K 19.84 13.42 56.32 ± 0.13
75 1.2M 29.75 20.13 57.07 ± 0.05

100 1.6M 39.67 26.84 57.49 ± 0.02

Table 2: Anchor-bank size ablation for the strongest RR
encoder pair i.e. Qwen3-Embed-8B + C-RADIOv4-H,
using random subsets of the CC12M anchor bank. Em-
bedding size reports the stored anchor-bank embedding
footprint, and RR cost reports the estimated anchor-
relative computation cost for constructing relative rep-
resentations. Scores are R@10 percentages averaged
across repeated anchor samples; σ denotes standard de-
viation.

The dense baselines are strongest in absolute
terms, as expected. The best overall system is
the CLIP baseline using LLM-translated captions,
which reaches 92.1 R@10 and 98.2 R@50. The
CLIP baseline using NMT-translated captions is
nearly as strong at 90.6 R@10, and the direct
Qwen3-VL-Embedding-8B baseline reaches 88.0
R@10. Although unsurprisingly within the present
setting these off-the-shelf dense retrieval baselines
remain stronger than the training-free RR formula-
tion, the RR results isolate the extent to which mul-
tilingual cross-modal transfer can be induced with-
out learning a new multi-modal alignment layer.

5.2 Effect of Encoder Choice in the RR Model

The RR experiments reveal a clear and stable
ranking of encoding methods, with the text en-
coder being the main factor determining R@10
performance. Across all three image encoders,
Qwen3-Embed-8B is consistently strongest, BGE-M3
is intermediate, and NLLB-200-3.3B trails by a
large margin. For example, with C-RADIOv4-H
fixed, best R@10 rises from 20.4 with NLLB-
200-3.3B to 46.5 with BGE-M3 and then to
57.5 with Qwen3-Embed-8B. The same ordering
is preserved with both CLIP ViT-bigG/14 and
DINOv3 ViT-7B/16. This indicates that, in a non-
parametric cross-modal transfer setup, multilingual
text encoder quality is the central determinant of
success.

The results suggest that the image encoder
still matters, but less than the text encoder.
Within the strongest Qwen3-based RR expeirments,
C-RADIOv4-H performs best, CLIP ViT-bigG/14
is a very close second, and DINOv3 ViT-7B/16
is consistently lower. The spread is modest be-
tween the top two image encoders (about 0.6 R@10
points between Qwen3-Embed-8B + C-RADIOv4-H
and Qwen3-Embed-8B + CLIP ViT-bigG/14) but
larger when moving to DINOv3. This suggests that
stronger visual features help, but cannot compen-
sate for weak multilingual text representations.

5.3 Anchor-Bank Scaling and
Cost–Performance Trade-off

To better understand the compute–accuracy trade-
off of the anchor-relative formulation, we addi-
tionally evaluate how performance changes with
the size of our anchor bank (CC12M). This ex-
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periment uses the strongest RR encoder pair,
Qwen3-Embed-8B + C-RADIOv4-H, and reports
mean R@10 and standard deviation over 10 inde-
pendently sampled random subsets at each anchor-
bank size. Since the method does not update model
parameters, increasing the anchor bank does not
introduce training cost, but it does increase embed-
ding storage and the number of anchor-similarity
computations required to construct relative repre-
sentations. The storage and computation values
reported in Table 2 quantify RR-specific overhead.
They account for storing the paired anchor em-
beddings and computing anchor similarities, while
excluding encoder inference, which is independent
of anchor-bank size; dense retrieval baselines do
not require this storage of anchor set embeddings
or computation of relative representations.

Table 2 shows that retrieval quality improves
monotonically with anchor-bank size, but the gains
quickly begin to saturate. Using only 10% of the
anchor bank already reaches 52.56 R@10, com-
pared to 57.49 R@10 using the full 1.6M-anchor
bank. Increasing the anchor bank from 10% to
25% improves R@10 by 2.44 points, whereas in-
creasing it from 50% to 100% improves R@10 by
only 1.17 points while doubling both storage and
RR computation cost. This suggests that most of
the cross-modal alignment can be achieved with a
relatively small subset of anchors, while further in-
creasing the anchor bank size provides diminishing
returns.

5.4 Sensitivity to k and p

In our experiments, based on the R@10 results, we
have observed that the strongest RR encoder pairs
generally benefit from moderately large values of
k. For Qwen3-Embed-8B + C-RADIOv4-H, R@10
improves steadily from k = 200 to k = 800, peaks
at k = 800, and then largely plateaus for larger k.
For Qwen3-Embed-8B + CLIP ViT-bigG/14, the
same upward trend continues through k = 1200,
after which performance is essentially unchanged.

Second, exponentiation still helps the stronger
RR configurations, but the best value of p
is more encoder pair-dependent under R@10.
Qwen3-Embed-8B + C-RADIOv4-H reaches its best
R@10 at p = 4, while Qwen3-Embed-8B + CLIP
ViT-bigG/14 peaks at p = 8. The strongest BGE-
M3 pairs also prefer moderate-to-strong exponenti-
ation, while the DINOv3-based RR systems remain
more sensitive to over-exponentiation and achieve
their best R@10 at p = 2. The NLLB-based runs

L Q3T +
C-RADIO

Q3T +
CLIP

Q3T +
DINO

CLIP
NMT

CLIP
TLLM Q3-VL

ar 55.7 54.5 47.3 90.8 90.8 92.0
bn 47.6 45.4 40.1 85.1 86.1 87.8
cs 48.5 47.1 41.3 89.7 90.1 88.8
da 54.4 53.2 46.6 94.9 94.9 94.1
de 66.3 63.9 57.6 96.5 96.6 97.7
el 53.8 51.8 46.3 91.2 91.4 89.7
en 61.1 59.8 53.9 86.6 86.6 89.7
es 60.2 58.6 52.1 92.4 92.5 94.7
fa 55.6 54.7 48.1 92.7 92.8 91.9
fi 49.5 48.4 41.5 95.6 95.7 89.8
fil 46.3 45.1 39.9 86.0 85.7 79.5
fr 61.4 59.5 53.1 96.3 96.3 97.4
he 48.0 46.7 39.6 94.5 94.3 92.8
hi 40.9 38.7 34.1 74.5 75.5 78.7
hr 53.1 51.5 44.9 93.7 93.6 91.1
hu 58.3 55.7 49.1 95.6 95.9 93.6
id 64.9 61.7 57.1 96.0 96.1 97.7
it 59.2 57.3 50.5 95.7 95.7 97.2
ja 60.3 58.0 52.2 95.8 95.9 97.0
ko 58.6 57.0 49.7 93.5 93.8 95.5
mi 9.7 9.6 7.9 68.9 – 26.1
nl 54.1 51.8 46.4 91.6 91.6 91.9
no 52.3 50.0 45.3 94.8 94.6 93.4
pl 59.2 57.1 50.9 94.5 94.5 94.9
pt 60.5 59.5 52.0 93.6 93.7 94.4
quz 12.3 11.7 11.1 56.2 – 18.8
ro 56.8 55.8 48.6 96.3 96.4 94.3
ru 66.6 64.5 57.4 96.5 96.8 97.8
sv 55.8 53.6 47.4 93.1 92.9 92.3
sw 18.6 18.5 16.4 81.5 80.1 48.6
te 47.8 46.6 40.8 79.9 79.8 75.7
th 60.8 59.6 51.7 93.9 94.1 95.2
tr 53.7 52.6 45.7 92.1 92.1 91.2
uk 62.7 61.3 53.5 95.1 95.5 95.8
vi 61.6 59.9 52.2 94.3 94.6 96.8
zh 64.1 62.4 56.3 92.3 92.6 95.7

avg 52.8 51.2 45.2 90.3 92.0 87.2

Table 3: Per-language (L) R@10 comparison under the
same experimental conditions. The three Q3T embed-
ding columns correspond to the Qwen3-Embed-8B text
encoder paired with C-RADIOv4-H, CLIP ViT-bigG/14,
and DINOv3 ViT-7B/16, all evaluated at k = 200,
p = 2. The final three columns report the dense base-
lines; CLIP NMT and CLIP TLLM correspond to the
translated captions and Q3-VL (Qwen3-VL-Embedding-
8B) is the multimodal model applied directly to the
original multilingual captions and images. Scores are
percentages. “–” indicates that a language was not avail-
able in the translated-caption baseline output.

remain low across all settings, though they still
show modest gains as k increases.

5.5 Per-Language Comparison

Table 3 shows the per-language comparison of the
baselines and the three Qwen3-based RR encoder
pairs, revealing several patterns. First, the rank-
ing of image encoders within the Qwen3-based
RR experiments is stable across most languages:
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C-RADIOv4-H is usually best, CLIP ViT-bigG/14
is usually second, and DINOv3 ViT-7B/16 is typi-
cally third. Second, the dense baselines outperform
the RR systems across nearly every language as
was our expectation. This is true for both higher-
resource (e.g., German, Russian, French, and Chi-
nese) and lower-resource (e.g., Hindi, Telugu, and
Swahili) languages. Third, the lowest-performing
languages remain low-performing for all systems.
In particular, mi (Maori) and quz (Cusco Quechua)
still exhibit substantially weaker performance than
the rest of the benchmark under both the RR setup
and the dense baselines.

Although the baselines are broadly competi-
tive, their strengths vary by language. Qwen3-
VL exhibits the strongest performance for several
high-resource languages such as German, French,
Indonesian, Russian, and Chinese, whereas the
translation-based systems remain competitive or
stronger for some others. The TLLM CLIP base-
line is the best overall method, but it could not
produce translations for mi and quz. Thus, the
RR method shows consistent internal structure and
consistent multilingual transfer patterns while still
revealing plenty of room for performance growth
compared to proprietary translation approaches or
native multi-modal embedding spaces.

6 Discussion

Overall, our results validate that the proposed rel-
ative representations (RR) are usable for multilin-
gual caption-to-image retrieval without end-to-end
multi-modal training. As opposed to the multi-
modal encoders, the RR pipeline must first encode
each multilingual caption, convert it into a modal-
ity agnostic relative representation using an anchor
set, and finally match it against the relative repre-
sentations of images built from the paired image
anchors. In our implementation, this matching is
carried out as a sparse dot product over top-k an-
chor coordinates, so the method remains training-
free and interpretable. As expected, while the RR
pipeline does not require paired data or pre-training,
it underperforms baselines that employ supervised
pre-training with paired data. The CLIP baselines
encode captions translated to English and then re-
trieve most similar images directly from the mul-
timodal CLIP space using cosine similarity. The
Qwen3-VL baseline encodes the original multi-
lingual captions and images using the same pre-
trained multi-modal encoder and performs retrieval

without requiring an anchor set. Both sets of base-
lines therefore avoid the extra step of computing the
relative representations using the anchor set, which
suggests that the inference time computational cost
of going through a high-resource language anchor
bank is still substantial in the present setup even
though there is no training cost.

Our follow-up analyses reveal that text encod-
ings are more influential than image encodings to
overall RR performance. Qwen3-Embed-8B is con-
sistently the strongest text model, BGE-M3 is reli-
ably second, and NLLB-200-3.3B trails far behind.
That pattern is stable across all three image back-
bones. This lines up with the basic assumption
that the method depends on the multilingual text
encoder already having cross-lingual connections
in the semantic space, because RR never learns
to repair weak text-side alignment after the fact.
If that assumption is only partially true, the error
propagates through the entire retrieval chain. The
image encoder still affects performance, but its role
is secondary; better vision features help, yet they
do not compensate for weak multilingual text rep-
resentations.

The hyperparameter sweeps show that for the
strongest RR runs, moderately large k and aggres-
sive exponentiation are helpful. Since the relative-
representation vectors are high-dimensional and
noisy by construction, sparsification and exponen-
tiation appear to positively influence overall perfor-
mance. The fact that weaker encoder pairs remain
weak even after tuning k and p also tells us that hy-
perparameter search alone will not yield substantial
performance boosts.

The per-language results show that the lowest-
performing languages remain challenging for every
system, offering opportunity for future improve-
ment. For the current RR pipeline, the anchor bank
is English-only, so the method depends entirely
on the multilingual text encoder to bridge from a
low-resource caption into the anchor space before
any image-side matching can help. The translation-
based CLIP baselines bypass that issue by moving
the caption into English first, and the Qwen3-VL
baseline bypasses it by using a single multi-modal
embedding model for both modalities. Thus, the
translation and Qwen3-VL baselines are tasked
with solving an easier alignment problem than RR,
shedding additional light on the performance gap.

Overall, the relative-representation remains at-
tractive because it is modular, interpretable, and
does not require training a new multi-modal model.
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The bottleneck is the quality of the encoders, espe-
cially text encoders and especially for low-resource
languages.

7 Conclusion

Our work examined whether multilingual caption-
to-image retrieval can be carried out without
training a new multi-modal model, by com-
bining frozen uni-modal encoders with rela-
tive representations over a large English anchor
bank. The results confirm that the method holds
promise. The strongest configuration of our pro-
posed method, Qwen3-Embed-8B + C-RADIOv4-H,
reached R@10 = 57.5, with Qwen3-Embed-8B +
CLIP ViT-bigG/14 close behind at 56.9. Across
our experiments Qwen3-based text representations
consistently yielded the strongest performance, fol-
lowed by BGE-M3 and then NLLB-200-3.3B. Our
results also suggest that in the current training-free
setup, success depends more on the quality of the
multilingual text space than on the choice of vision
backbone.

Relative representations are practically usable
when paired data is unavailable for training and
they provide a decent baseline but they do not
provide comparable performance to systems that
employ supervised pre-training; which was ex-
pected. The best overall result came from the
CLIP baseline with LLM-translated captions at
R@10 = 92.1, then CLIP with NMT-translated
captions at 90.6 followed by the multimodal
Qwen3-VL-Embedding-8B model at 88.0. These
results show that when feasible (i.e. paired multi-
modal data or competitive translation models are
available), translating into a high resource language
like English or using a native multi-modal embed-
ding model is a more effective approach.

Taken together, these results lead to the conclu-
sion that relative representations are viable as a
non-parametric mechanism for multilingual cross-
modal alignment in the absence of paired data, but
their success is limited by the quality of the an-
chor space and multilingual text encoder. In our
case, this is weakest for low-resource languages
and when the multilingual text encoder does not
accurately capture the cross-lingual relationships
in the semantic space. Our experiments show that
(1) relative representations can provide alignment
across modalities and languages, (2) the choice
of text encoder dominates performance, and (3)
ASIF-style (Norelli et al., 2023) sparsification and

exponentiation remain important for making the
method practical.

8 Limitations & Future Work

The main limitation of our training free method
is the comparative performance gap with respect
to the baselines that employ supervised train-
ing. Our best configuration, Qwen3-Embed-8B +
C-RADIOv4-H, remains well below the strongest
baseline. CLIP with LLM-translated captions had
the best performance for retrieval and other base-
lines had similar results. This means that the cur-
rent RR pipeline is informative as a training-free
alignment method and can be employed in the ab-
sence of paired data, but it cannot compete with
supervised methods for caption-image retreival.

Since we have only experimented with an anchor
bank containing English captions, multilingual
transfer depends heavily on the encoder’s ability to
capture multilingual relationships in the semantic
space with respect to the English captions. The re-
sults also show that performance is highly sensitive
to the text encoder itself: Qwen3-Embed-8B which
clearly outperforms BGE-M3 and both of these en-
coders outperform NLLB-200-3.3B by a large mar-
gin. Future work should examine multilingual and
domain-matched anchor banks, more text encoders
as well as informed anchor-selection strategies be-
yond random sampling.

Additionally, the interpretability of relative rep-
resentations is limited to tracing retrieval decisions
back to (image, caption) pairs in the anchor set; it
does not explain the cross-lingual geometry learned
by the multilingual text encoder. Since alignment
is achieved through relative representations rather
than learned cross-modal interactions, RR may be
less effective at capturing fine-grained relationships
between modalities.

Finally, we had to limit the scope of our exper-
imental evaluation to one pair of modalities (im-
age, text), one task (caption-image retrieval) using
one dataset (XM3600) for evaluations. The pro-
posed relative representations can potentially be
used with other modality pairs e.g. (audio, text)
and other tasks such as zero-shot image classifica-
tion (Norelli et al., 2023).

Our method is training-free but still requires non-
trivial computational resources; we trade-off the
cost of training a multimodal model with the cost
of inference. Our relative representations incur a
one-time cost of computing and caching embed-
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dings for the anchor set and calculating the relative
representations requires non-trivial computational
resources at inference time. We do however quan-
tify these limitations in §5.

9 Ethics Statement

This work studies multilingual caption-to-image
retrieval using frozen pretrained encoders and a
fixed anchor bank derived from existing datasets.
We do not collect new human-subject data, and
all experiments are conducted on previously re-
leased resources, namely XM3600 for evaluation
and CC12M for anchor construction (Thapliyal
et al., 2022; Changpinyo et al., 2021). By rely-
ing on large-scale pretrained models and a high-
resource English-centered anchor set, the method
may inherit biases in language coverage, cultural
representation, and semantic associations present
in those resources. Retrieval quality may therefore
vary across languages and concepts. The system
does not generate new text or images, but multi-
lingual retrieval methods can still be misused in
applications such as surveillance, profiling, or un-
fair filtering of visual content. We do not develop
or evaluate the method for such uses, nor do we
claim that it is suitable for high-stakes deployment.
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