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Abstract

Multimodal models have achieved state-of-the-001
art performance for English language due to002
abundant high-quality multimodal data (image-003
text and audio-text). However, the perfor-004
mance for other languages is lower due to005
limited high-quality multilingual-multimodal006
data. Current state-of-the-art methods use auto-007
matic translations to create and evaluate Multi-008
lingual Multimodal models. Meanwhile, the009
availability of multilingual text data and ro-010
bust self-supervised methods has grown sig-011
nificantly, leading to powerful multilingual text012
models. In this work, we leverage the strong013
multilingual semantic alignment of text mod-014
els and align them with multimodal models.015
We demonstrate that learning just a few linear016
layers can transform multilingual text repre-017
sentations into multimodal text representations018
that are compatible with the rest of the multi-019
modal model. Our method, M2M, uses only020
English text data for learning the transforma-021
tion/alignment. It achieves 95.3% Recall@10022
on English language (0.3% higher than the023
baseline model) and 89.2% Recall@10 aver-024
aged across 11 languages (10 of which are un-025
seen during alignment) for the Text-to-Image026
retrieval task on the XTD dataset. M2M gener-027
alizes across architectures, datasets, modalities,028
and tasks (Image-Text, Audio-Text retrieval,029
and Cross-lingual Text-to-Image generation).030
Code, checkpoints, and data will be publicly031
released1.032

1 Introduction033

Humans can naturally align multiple modalities,034

connecting visual objects with words and sounds.035

We can associate previously seen objects with their036

corresponding words in a newly introduced lan-037

guage without explicit supervision or direct map-038

ping between the object and the new word. Instead,039

this is achieved by implicitly aligning the object,040

1https://github.com/m2m-acl25/M2M

its word in a known language, and the word in the 041

newly introduced language. Existing works (Carls- 042

son et al., 2022; Yan et al., 2024; Koukounas et al., 043

2024b) explicitly rely on multimodal data in new 044

languages to adapt models like CLIP (Radford 045

et al., 2021) and CLAP (Elizalde et al., 2023) that 046

are primarily trained in English. These multimodal 047

models require large amounts of data for each lan- 048

guage, which is often impractical to obtain. In 049

contrast, multilingual text encoders have achieved 050

state-of-the-art (SOTA) performance through the 051

use of abundant text data and self-supervised learn- 052

ing techniques (Devlin et al., 2019; Radford, 2018). 053

We present a simple method that aligns multi- 054

lingual and multimodal latent spaces using textual 055

representations as a bridge. Similar to how humans 056

learn, our method doesn’t require explicit multi- 057

modal signals for each language– English textual 058

data alone is sufficient for alignment. Using robust 059

multilingual text encoders with a simple MSE-like 060

loss function, we achieve performance compara- 061

ble to models trained on multilingual-multimodal 062

data. We achieve this alignment by learning a pro- 063

jection map (a few linear layers) while keeping 064

the rest of the pretrained model frozen. Maiorca 065

et al. (2024b); Rosenfeld et al. (2022) show the 066

effectiveness of linear projection maps for aligning 067

latent spaces using multimodal English data in clas- 068

sification tasks. Our work extends this approach 069

for multilingual and multimodal latent spaces on 070

retrieval and generative tasks. To summarize our 071

contributions: 072

1. We propose M2M, a simple alignment 073

method that maps multilingual latent space 074

to multimodal latent space using only mono- 075

lingual (English) text data. Our empirical re- 076

sults show that M2M is effective across differ- 077

ent architectures, evaluation datasets, modali- 078

ties (image, audio), and tasks (Image-Text & 079

Audio-Text retrieval and Text-to-Image gener- 080
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ation). The method is parameter-efficient, re-081

quiring only a few linear layers, and achieves082

strong alignment even with limited data (∼1K083

sentences).084

2. We create synthetic parallel evaluation085

datasets for Audio-Text retrieval in 33086

languages using test sets from Audio-087

Caps (Kim et al., 2019) (160K samples) and088

Clotho (Drossos et al., 2019) (172K samples).089

We also generate 30K MSCOCO captions in090

9 new languages (270K samples) for Text-to-091

Image generation using state-of-the-art trans-092

lation models.093

2 Related Work094

Multilingual Multimodal Models. Strong095

multimodal models like CLIP (Radford et al.,096

2021) and CLAP (Elizalde et al., 2023; Wu et al.,097

2022) are typically trained on large amounts of098

English multimodal data (paired image-text and099

audio-text data). Extending these models to other100

languages typically requires explicit training on101

multilingual-multimodal data—either by training102

from scratch (Jain et al., 2021) or by finetuning103

pretrained models (Koukounas et al., 2024b; Yan104

et al., 2024; Chen et al., 2023; Ye et al., 2024; Li105

et al., 2023). Some approaches (Carlsson et al.,106

2022; Chen et al., 2022; Zhai et al., 2021) fine-tune107

only the text encoders while keeping the image108

encoder frozen, while Aggarwal and Kale (2020)109

train projection layers on top of frozen encoders110

using multimodal English data. Our method uses111

simple training losses, linear layers, and only112

English text data. We demonstrate our method’s113

effectiveness for a broad range of multimodal114

tasks, including Image-Text & Audio-Text retrieval115

and Text-to-Image generation.116

117

Latent Space Translation is a technique118

that maps representations between different latent119

spaces to enable information sharing. Recent120

research has focused on two main approaches-121

Using relative representations for latent space122

alignment (Moschella et al., 2022; Norelli123

et al., 2022); Creating direct transformation124

maps (Gower, 1975) between source and target125

spaces (Maiorca et al., 2024b; Lähner and Moeller,126

2024). These approaches have been successfully127

applied to tasks like cross-modal classification and128

generative modeling. A further development is the129

Inverse Relative Projection method (Maiorca et al.,130

2024a), which converts source representations 131

to relative form before mapping them to a target 132

space, effectively translating monolingual text 133

representations into multilingual text representa- 134

tions. Our approach builds on this foundation by 135

creating a linear mapping between multilingual 136

and multimodal latent spaces. By using English 137

text as a bridge between these spaces, we can 138

create multilingual multimodal models without 139

requiring specialized training data. 140

3 Methodology 141

Our method M2M is a simple alignment method 142

that learns a few linear layers to align multilin- 143

gual latent space with multimodal latent space us- 144

ing English text representations. While we focus 145

on dual-modality multimodal models in this work, 146

our method can extend to models with more than 147

two modalities. Consider a monolingual multi- 148

modal model Me that supports language e. Me 149

consists of individual encoders for each modality. 150

Let Me = (Te, Xe) where Te is the language e 151

text encoder and Xe represents any other modal- 152

ity encoder (e.g. Image, Audio, etc.). We assume 153

representations from both Te and Xe are already 154

aligned in a shared latent space using paired mul- 155

timodal data from language e (e.g. CLIP, CLAP). 156

Let Tm be a multilingual text encoder. Our goal is 157

to achieve semantic alignment between global rep- 158

resentations (sentence-level representations) in the 159

latent space. To achieve this, we learn a projection 160

map fm→e that transforms multilingual represen- 161

tations from Tm into multimodal representations 162

from Te using a loss function and language e text- 163

only data. The data must have semantic correspon- 164

dence with the task/multimodal latent space (e.g. 165

image captions for Image-Text retrieval, and audio 166

captions for Audio-Text retrieval). In our method, 167

the projection map—consisting of a few linear lay- 168

ers—is the only learned component, while all en- 169

coders (Te, Tm, Xe) remain frozen. After learn- 170

ing the projection map, we simply replace Te with 171

Tm→e = (Tm, fm→e) in Me, resulting in a multi- 172

lingual multimodal model Mm = (Tm→e, Xe). 173

For a sentence s in language e, we extract multi- 174

modal text representation se = Te(s) and multilin- 175

gual text representation sm = Tm(s). Since both 176

text encoders represent the same sentence s, in an 177

all-aligned world, se and sm would be identical. 178

However, sm and se typically differ because they 179

come from different encoders trained with distinct 180
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objectives and datasets. To align sm and se, we181

learn a projection map fm→e from sm to se. Here,182

se acts as an anchor to guide latent space transla-183

tion. We use MSE as our primary loss function.184

sm→e = fm→e(sm) (1)185

Lalign = MSE (∥se∥2, ∥sm→e∥2) (2)186

We derive additional supervision from the struc-187

ture of the target latent space. For a training batch188

B, let Se and Sm→e denote the batched sets of mul-189

timodal text representations and the corresponding190

multilingual aligned representations, respectively.191

We calculate pairwise cosine similarities within the192

batch for both the target and predicted spaces:193

Ce = cos_sim(Se, Se) (3)194

Cm→e = cos_sim(Sm→e, Sm→e) (4)195

where Ce, Cm→e ∈ R|B|×|B| are the similarity ma-196

trices that capture the structure of the target and197

predicted spaces, respectively. We minimize the198

MSE between these similarity matrices:199

Lstr = MSE(Ce, Cm→e) (5)200

This effectively enforces the predicted representa-201

tions to preserve the structural relationships of the202

target space. Final loss is a linear combination of203

both Lalign and Lstr:204

L = λ ∗ Lalign + β ∗ Lstr. (6)205

We also experiment with other losses such as L1206

loss and similarity loss (1 − cosine(se, sm→e)),207

though these are not as effective as L.208

MSE loss helps replace se with sm→e more ef-209

fectively than contrastive or similarity loss, which210

only focus on angles between representations. We211

avoid token/word-level alignment since it empha-212

sizes language structure over semantics. Moreover,213

implementing the reverse map fe→m would dis-214

rupt the existing alignment between representations215

from Xe (other modality encoder) and Te.216

4 Experiments and Results217

In this section, we empirically demonstrate the ef-218

fectiveness of our method. We conduct detailed219

experiments examining the projection map (fm→e)220

architecture, training loss, and training data scaling221

in the Image-Text retrieval setting. We evaluate222

our approach on three tasks: Image-Text Retrieval,223

Audio-Text Retrieval, and Cross-lingual Text-to-224

Image generation.225
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Figure 1: Effect of scaling train data on XTD eval set
for M2M-aligned model- Jina-CLIP-v1 × M-MPNET.

4.1 Preliminary Experiments 226

We investigate the impact of varying number of 227

linear layers (1, 2, 4), adding or removing residual 228

connections (He et al., 2015) in fm→e, and test- 229

ing different training objectives through ablation 230

studies. 231

Experimental setup. We primarily use Jina- 232

CLIP-v1 (Koukounas et al., 2024a) as the multi- 233

modal model (Me) and Multilingual MPNET (M- 234

MPNET) (Reimers and Gurevych, 2020) as the 235

multilingual text encoder (Tm). Following (Carls- 236

son et al., 2022), we use a combination of Google 237

Conceptual Captions (GCC) (Sharma et al., 2018), 238

MSCOCO (Lin et al., 2014), and VizWiz (Bigham 239

et al., 2010) as our training dataset to learn fm→e. 240

We remove duplicate sentences and create a N - 241

sentence training split through random sampling. 242

We experiment with various model architectures 243

and training split sizes (Scaling). Unless speci- 244

fied otherwise, we train for 50 epochs using 250K- 245

sentence training size, batch size of 64, AdamW 246

optimizer (Loshchilov, 2017) with a learning rate 247

of 3e-4, weight decay of 1e-2, and a linear learn- 248

ing rate scheduler with 50 warmup steps. All 249

M2M-aligned models are trained on two RTX 250

A5000 24GB Nvidia GPUs. For validation, we use 251

XTD (Aggarwal and Kale, 2020) English image- 252

text pairs, saving the best checkpoint based on the 253

mean of Text-to-Image (T2I) and Image-to-Text 254

(I2T) recall. Both T2I and I2T recalls are averaged 255

across Recall@1,5,10. We evaluate these exper- 256

iments on Image-to-Text retrieval task using the 257

XTD test dataset. 258

Result and Analysis. As shown in Table 2, M2M 259

maintains strong performance regardless of the 260

number of linear layers or the presence of resid- 261

ual connections. The performance of our proposed 262
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Models
XTD-T2I XTD-I2T XM3600 Multi30K

Avg. de en es fr it jp ko pl ru tr zh Avg. en T2I I2T T2I I2T

English-only Vision-Language Models

E1: CLIP (ViT-L 336px) 35.7 55.4 92.5 64.1 67.0 53.7 18.7 2.7 15.6 5.0 13.2 4.9 43.2 94.1 14.0 23.7 54.9 63.7
E2: Jina-CLIP-v1 37.4 61.5 95.0 67.8 77.4 58.3 9.8 1.9 16.8 4.4 10.9 7.5 39.5 95.8 20.3 26.5 58.9 59.6
E3: K-ALIGN 47.6 73.3 94.0 67.1 80.0 72.8 26.2 12.6 37.6 34.0 19.1 7.0 53.1 93.8 22.9 31.0 67.5 70.1

Multilingual Vision-Language Models Trained on Supervised Multimodal and/or Multilingual Data

T1: mUSEM3L 74.9 73.5 85.3 76.7 78.9 78.9 67.8 70.7 71.7 73.6 70.9 76.1 – – – – – –
T2: MCLIP-ST 76.4 78.7 88.5 78.2 79.8 79.3 68.6 63.1 75.6 74.7 74.4 79.4 78.6 90.4 48.7 60.6 80.7 83.4
T3: ALIGN-Base 82.2* – – 88.8 – 87.9 – 76.6 79.8 82.3 73.5 86.5 – – – – – –
T4: MURAL-Large 90.2* – – 92.9 – 91.8 – 88.1 91.0 87.2 89.5 89.7 – – – – – –
T5: LABSE ViT-L/14 87.2 89.6 91.6 89.5 89.9 90.1 73.9 80.8 89.8 85.5 89.8 88.9 90.8 94.9 73.2 83.6 90.9 93.7
T6: XLM-R-L ViT-B/32 88.0 88.7 91.8 89.1 89.4 89.8 81.0 82.1 91.4 86.1 88.8 89.3 89.9 91.7 75.2 84.5 89.2 91.0
T7: XLM-R ViT-L/14 89.0 90.6 92.4 91.0 90.0 91.1 81.9 85.2 91.3 85.8 90.3 89.7 92.2 94.5 76.4 85.0 92.2 94.4
T8: XLM-R-L ViT-B/16+ 92.0 93.0 95.0 93.6 93.1 93.1 84.2 89.0 94.4 90.0 93.0 94.0 93.2 96.1 81.8 87.1 93.9 94.2
T9: Jina-CLIP-v2 92.6 92.5 92.8 88.9 95.5 93.2 94.1 90.6 94.9 90.7 93.5 91.4 93.2 92.7 81.1 85.7 93.8 94.0
T10: AltCLIPM9 93.7* – 95.4 94.1 92.9 94.2 91.7 94.4 – 91.8 – 95.1 – – – – – –

M2M-aligned Multilingual Multimodal models using English-only Text data

M1: Jina-CLIP-v1 × LaBSE 82.4 82.5 86.4 83.7 84.4 84.5 76.2 80 84.5 80.0 80.7 83.0 80.1 87.3 62.8 65.6 78.7 75.2
M2: Jina-CLIP-v1 × M-MiniLM 86.5 87.5 94.1 88.2 88.0 87.4 80.6 74.8 89.2 85.0 86.2 90.1 84.9 93.8 57.7 64.3 87.8 85.7
M3: Jina-CLIP-v1 × JinaTextV3 87.8 91.0 95.3 89.5 90.1 91.2 80.4 80.1 90.2 85.6 87.4 84.9 87.5 94.7 67.0 72.2 87.9 87.2
M4: Jina-CLIP-v1 × M-MPNET 89.2 90.9 94.4 91.1 89.5 90.8 82.4 85.4 90.6 87.1 88.9 90.1 89.3 95.6 66.4 72.9 90.0 89.7
M5: CLIP × M-MPNET 84.2 85.4 91.0 85.6 85.1 85.8 77.8 80.6 84.7 81.6 84.5 83.9 85.9 93.7 55.5 66.9 90.6 92.0
M6: K-ALIGN × M-MPNET 86.8 87.5 93.0 89.7 87.8 88.3 78.7 83.0 88.6 83.2 87.0 87.5 86.1 94.2 59.1 68.5 90.4 90.0

Table 1: Comparison of M2M-aligned model performance with English and Multilingual CLIP-like models using
Recall@10 across datasets. Results include reported XTD-T2I numbers for T1, T3-T8, T10 and rest are computed
using available checkpoints. * denotes average is computed over only supported languages.

Loss Linear layers Skip Conn. Avg. de en es fr it jp ko pl ru tr zh

MSE 2 No 88.7 89.0 95.4 89.9 89.3 89.5 82.0 85.3 90.2 85.7 89.5 90.1
MSE 2 Yes 88.8 88.8 95.0 90.1 89.6 90.2 82.0 85.4 90.5 85.6 89.2 89.9
λ1 ·Lalign + β1 ·Lstr 2 No 89.3 89.4 95.6 90.7 89.3 90.6 82.3 85.2 91.5 86.5 90.4 90.4
λ1 ·Lalign + β1 ·Lstr 2 Yes 89.2 89.2 95.2 91.0 89.4 90.3 82.6 85.8 91.0 86.5 89.6 90.4
λ1 ·Lalign + β1 ·Lstr 4 No 89.3 89.5 95.7 91.1 89.6 90.8 82.5 86.2 90.9 86.5 90.0 90.0
λ1 ·Lalign + β1 ·Lstr 1 No 89.4 89.2 95.4 91.0 89.7 90.7 82.9 85.5 90.8 86.9 90.4 90.5
λ2 ·Lalign + β1 ·Lstr 2 No 88.8 89.1 94.8 90.6 89.6 90.1 81.9 85.2 90.7 86.1 89.3 89.2
Similarity Loss 2 No 88.6 89.0 95.5 89.6 89.2 89.8 81.7 84.9 90.4 85.6 89.1 90.1
L1 2 No 84.4 85.9 94.7 86.6 85.3 87.2 76.3 78.8 84.8 78.8 84.3 85.7

Table 2: Comparison of Recall@10 across different training losses, linear layers, and residual connections (Skip
Conn.) for M2M-aligned Jina-CLIP-v1×M-MPNET on XTD Image-to-Text retrieval. λ1 = 44, λ2 = 1, β1 = 1.

training objective (eq. 6) surpasses alternative263

approaches for Image-to-Text retrieval across 11264

languages, with improvements in Avg. Recall@10265

of absolute 0.7% over MSE loss, 0.8% over simi-266

larity loss, and 5% over L1 loss. Text-to-Image re-267

trieval task shows similar results (see Appendix D).268

Assigning a higher weight for Lalign (λ = 44) com-269

pared to Lstr (β = 1) yields a 0.6% gain in Avg.270

Recall@10 versus equal weighting (λ = 1, β = 1).271

Based on the optimal configuration from Table 2,272

we conduct data scaling experiments for the pro-273

jection map fm→e with 2 linear layers, no resid-274

ual connection, and parameters λ = 44, β = 1.275

We train with loss L (eq. 6) using training splits276

containing 1K, 5K, 10K, 50K, 100K, 250K, and277

2M sentences. Figure 1 demonstrates that M2M278

achieves 85.8% Avg. Recall@10 (across 11 lan- 279

guages) with just 1,000 English sentences, without 280

any multilingual or multimodal data. We observed 281

diminishing returns from scaling beyond 250K sen- 282

tences. Increasing the data fourfold to 2M sen- 283

tences yielded only minimal improvements of 0.1% 284

(T2I) and 0.2% (I2T) in Avg. Recall@10 (see Ap- 285

pendix E for details). Therefore, all experiments 286

use the 250K-sentence training split by default. Al- 287

though a single layer had higher performance for 288

map fm→e, we opt for 2 linear layers (∼1M pa- 289

rameters) as the optimal number since there can 290

be a mismatch of latent dimensions between mul- 291

tilingual and multimodal spaces. We use the first 292

linear layer to project multilingual representations 293

to match the dimension of multimodal space. 294
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4.2 Image-Text Retrieval295

Experimental setup. We experiment with sev-296

eral English multimodal models (Me): CLIP (Rad-297

ford et al., 2021), Jina-CLIP-v1 (Koukounas298

et al., 2024a), and KakaoBrain-ALIGN (K-299

ALIGN) (Yoon et al., 2022), along with multilin-300

gual text encoders (Tm): LaBSE (Feng et al., 2020),301

Multilingual MPNET (M-MPNET) (Reimers and302

Gurevych, 2020), Multilingual MiniLM (M-303

MiniLM) (Reimers and Gurevych, 2020), and Jina-304

embeddings-v3 (Jina-Text-v3) (Sturua et al., 2024).305

Models aligned using our method are denoted as306

Multimodal-Model×Multilingual-Model. We307

compare M2M-aligned models against English-308

only Vision-Language models (CLIP, Jina-CLIP-309

v1, K-ALIGN) and existing Multilingual Multi-310

modal Models (MMMs): mUSEM3L (Aggarwal311

and Kale, 2020), Multilingual CLIP from Sen-312

tenceTransformer Library2 (MCLIP-ST) (Reimers313

and Gurevych, 2020), MURAL-Large (Jain et al.,314

2021), ALIGN-Base (Jia et al., 2021) reported by315

MURAL, (Carlsson et al., 2022)’s LaBSE ViT-316

L/14, XLM-R-Large ViT-B/32, XLM-R ViT-L/14,317

XLM-R-Large ViT-B/16+, Jina-CLIP-v2 (Kouk-318

ounas et al., 2024b), and AltCLIPM9 (Chen et al.,319

2022). Languages supported by these models are320

listed in Appendix C.321

Evaluation. We evaluate using three multilingual322

datasets: XTD (11 languages) (Aggarwal and Kale,323

2020), which includes MIC (Rajendran et al., 2016)324

(de, fr) and STAIR Captions (Yoshikawa et al.,325

2017) (jp); XM3600 (36 languages) (Thapliyal326

et al., 2022); and Multi30K (4 languages) (Elliott327

et al., 2016) (Elliott et al., 2017) (Barrault et al.,328

2018). Following previous works (Aggarwal and329

Kale, 2020; Jain et al., 2021; Carlsson et al., 2022),330

we evaluate using Recall@10 with cosine similarity331

as the ranking score. For XTD, we report Text-to-332

Image retrieval scores across all languages along333

with Avg. Recall@10. For XM3600, Multi30K,334

and Image-to-Text retrieval task, we only report335

the mean Recall@10 score across all languages336

present in the dataset with per language score in337

Appendix F.338

Results & Analysis. For the XTD T2I task, M2M-339

aligned Jina-CLIP-v1 × M-MPNET model (row340

M4 in Table 1) outperforms several MMMs trained341

on multimodal and/or multilingual paired data342

(rows T1-T3, T5-T7). For English, our Jina-CLIP-343

v1×Jina-Text-v3 model (row M3) outperforms all344

2https://www.sbert.net/

English-only baselines (rows E1-E3). For subse- 345

quent comparisons, we use Jina-CLIP-v2 as SOTA 346

which has the best performance averaged across all 347

languages. 348

On the XTD dataset, our best M2M-aligned 349

model (row M4) performs 3.4% lower on T2I and 350

3.9% lower on I2T compared to SOTA. This perfor- 351

mance gap is expected, as models like Jina-CLIP- 352

v2 are explicitly trained on massive amounts of 353

multilingual-multimodal i.e. ∼400M non-English 354

image-text pairs from CommonPool (Gadre et al., 355

2023) and 1.2M multilingual synthetic captions. 356

For the Multi30K dataset, we observe a simlar per- 357

formance gap of 3.3% for T2I and 2.4% for I2T. 358

However, for XM3600, this gap widens to 14.2% 359

for I2T and 14.8% for T2I. We speculate this is 360

due to it’s larger retrieval space (Multi30K and 361

XTD have 1K instances in test set, compared to 362

XM3600 that contains 3,600 images and ∼7K cap- 363

tions). When considering only model-supported 364

languages, this gap narrows to 10.1% for I2T and 365

13.2% for T2I. Detailed performance metrics for 366

XM3600 and Multi30K’s supported languages are 367

available in the Appendix F. 368

4.3 Audio-Text Retrieval 369

Experimental Setup. We use LAION-CLAP (Wu 370

et al., 2022) as the Audio-Text multimodal model 371

(Me) and align it with the M-MPNET (Te). We 372

experiment with two variants: 1) CLAP-HTSAT- 373

fused (trained on AudioCaps (Kim et al., 2019), 374

Clotho (Drossos et al., 2019), and LAION-Audio- 375

630k dataset (Wu et al., 2022)) and 2) CLAP- 376

General (trained on additional speech and music 377

data). For alignment, we use English text of audio- 378

caption datasets: AudioCaps, Clotho, and Wav- 379

Caps (Mei et al., 2023). We use the AudioCaps 380

validation set to save the best checkpoint. 381

Synthetic Evaluation Datasets. Due to the lack 382

of multilingual audio-text evaluation datasets, we 383

extend AudioCaps (4875 captions) and Clotho 384

(5225 captions) test sets to 33 new languages using 385

machine translation models. We use English-to- 386

Indic translation model from IndicTrans2 (Gala 387

et al., 2023) for 11 Indic languages 3 and Aya- 388

23-35B (Aryabumi et al., 2024) for 22 other lan- 389

guages 4. Based on the results reported by Aya-23- 390

35B on the FLoRes-200 test set (Costa-jussà et al., 391

2022) and manual spot-check, we assume that the 392

3bn, gu, hi, kn, ml, mr, ne, pa, ta, te, ur
4ar, zh-Hans, zh-Hant, cs, nl, fr, de, el, he, id, it, ja, ko, fa,

pl, pt, ro, ru, es, tr, uk, vi
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Models
AudioCaps Clotho

T2A A2T T2A A2T
Avg. en Avg. en Avg. en Avg. en

English-only LAION-CLAP Models

CF: HTSAT-Fused – 70.3/82.5* – 74.4/88.0* – 49.9/55.4* – 60.9/66.9*
CG: General – 83.4 – 89.7 – 49.3 – 58.1

M2M-aligned Multilingual CLAP models

CM1: CF × M-MPNET 42.8/47.1† 62.6 51.3/55.3† 63.5 33.2/36.4† 46.7 39.7/42.8† 49.9
CM2: CG × M-MPNET 48.3/54.2† 77.2 60.8/65.9† 81.5 33.3/36.7† 47.8 39.6/42.8† 50.6

Table 3: Performance comparison of Audio-Text Models on AudioCaps and Clotho datasets using Recall@10 for
Text-to-Audio (T2A) and Audio-to-Text (A2T) retrieval, averaged across 34 languages. * denotes reported numbers
from Wu et al. (2022) and rest are computed from checkpoints. † represents Avg. over supported languages.

translations for the 22 languages are of reasonably393

high quality. Additionally, we use the FLoRes-200394

test set to find the optimal prompt to be used for395

obtaining the translations. To assess the transla-396

tion quality for Indic languages, we back-translate397

the translations to English using the IndicTrans2398

(indic-to-en). Across 11 Indic languages, we ob-399

serve a mean spBLEU (Post, 2018) score of 48.7400

and chrF++ (Popović, 2017) score of 63.6 for the401

AudioCaps test set. For Clotho test set, the mean402

spBLEU is 47.4 and mean chrF++ is 59.6. Addi-403

tional details about dataset license and translation404

quality assessment are discussed in the Appendix B,405

G. Due to lack of comparable multilingual base-406

lines and test sets, we report Recall@10 metric for407

our method only on our synthetic multilingual test408

sets. Language-wise Recall@10 are reported in409

Appendix H for both AudioCaps and Clotho.410

Results & Analysis. Table 3 demonstrates411

our method’s effectiveness in generalizing across412

modalities beyond images. For English, our413

method performs below the state-of-the-art by 6.2%414

on Text-to-Audio retrieval (T2A) and 8.2% on415

Audio-to-Text retrieval (A2T) using the AudioCaps416

test set, and by 2.1% (T2A) and 7.5% (A2T) on the417

Clotho test set.418

To investigate this drop, we compute Text-to-419

Text (T2T) Recall@10 on XM3600 (image-text)420

and AudioCaps (audio-text) test sets as these421

datasets contain multiple captions for each im-422

age/audio. M-MPNET (multilingual text encoder)423

achieves a T2T Recall@10 of 62.1%, compara-424

ble to Jina-CLIP-v1 (image-text model) at 63.8%425

on the image-text test set. However, the same426

M-MPNET achieves 73.8%, i.e. significantly427

lower than CLAP-general’s (audio-text model)428

at 80.2%. We speculate that M-MPNET excels429

in image-caption encoding but underperforms in430

audio-caption encoding in general.431

Additionally, our qualitative analysis reveals 432

strong semantic alignment between audio and text 433

representations. For example, when given the query 434

“A man speaks with some clicks and then loud long 435

scrapes”, the top three retrieved audio captions 436

were: 1) “Sanding and filing then a man speaks”, 2) 437

“A man speaks with some clicking and some sand- 438

ing”, and 3) “A man speaks with a high-frequency 439

hum with some banging and clanking”. Although 440

the ground truth audio appeared at rank 10, its cap- 441

tions closely matched those of the top retrieved 442

results: “A man talking as metal clacks followed 443

by metal scraping against a metal surface”, and “A 444

man is speaking followed by saw blade noises”. 445

This semantic overlap between ground truth and 446

retrieved audio-captions indicates strong retrieval 447

performance. Please refer to Appendix H for more 448

details and additional examples. 449

4.4 Cross-lingual Text-to-Image Generation 450

Our method is also agnostic of tasks and extends 451

to generative tasks like Text-to-Image generation. 452

Since M2M aligns sentence-level representations 453

(CLS) of models, we experiment with a Text-to- 454

Image generation model that utilizes CLS of the 455

text, namely FLUX.1-dev (FLUX) (Labs, 2024). 456

FLUX is a 12B parameter model chosen due to its 457

public availability, competitive performance (Yang 458

et al., 2024), and use of CLIP text encoder (CLS 459

conditioning). Apart from CLIP, FLUX contains 460

a T5 encoder (Raffel et al., 2020) for token con- 461

ditioning. To learn the projection map fm→e, we 462

select the M-MPNET model 5 (Tm) and the CLIP 463

encoder from FLUX (Te). Since FLUX uses two 464

text encoders (CLIP and T5), we experiment with 465

four settings: 466

5We qualitatively analyzed 100 generated images for
FLUX × LaBSE and FLUX × M-MPNET aligned models
and found the latter generated better quality images.
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(a) FLUX (en) (b) FLUX CLIP (en) (c) Ours (el) (d) Ours (fa) (e) Ours (fr) (f) Ours (he)

(g) FLUX-T5 (en) (h) Ours (en) (i) Ours (hi) (j) Ours (id) (k) Ours (ko) (l) Ours (es)

Figure 2: Images generated by FLUX text-to-image model using the prompt “The city bus is traveling down the
road” in multiple languages. Our M2M-aligned model produces similar quality images compared to baseline FLUX
(both T5 and CLIP encoders), FLUX-T5 and FLUX-CLIP models.

1. FLUX: Generate images using the same input467

text for both CLIP and T5 encoders468

2. FLUX-CLIP: Use input text for CLIP encoder469

and a generic text prompt for T5 encoder: “A470

photo of: ” 6471

3. FLUX-T5: Use input text for T5 encoder and472

a generic text prompt for CLIP encoder: “A473

photo of: ”474

4. FLUX × M-MPNET: Use input text for475

M2M-aligned M-MPNET encoder and a476

generic text prompt for T5 encoder: “A photo477

of: ”478

FLUX × M-MPNET represents our proposed479

M2M-aligned zero-shot Cross-lingual Text-to-480

Image generation model.481

482

Training Setup & Evaluation. We follow the483

training settings and dataset described in Sec-484

tion 4.1, but train for 10 epochs without a vali-485

dation set, using bfloat16 precision and MSE loss486

(instead of loss in eq. 6) over unnormalized rep-487

resentations. Using Lstr with MSE leads to sig-488

nificant degradation. The identical mapping of489

representations is more important for generation490

task than the structural similarity between latent491

spaces. We generate 512×512 resolution images492

using 3.5 guidance scale, 10 inference steps, and493

6We qualitatively analyzed 100 generated images FLUX-
CLIP, FLUX × M-MPNET setting with prompts- “An image
of: ”,“A picture of: ”, “A photo of: ” and found the prompt-
“A photo of: ” generated better quality images.

a fixed seed. Following evaluation protocols from 494

previous works (Ramesh et al., 2021; Rombach 495

et al., 2021; Saharia et al., 2022), we randomly 496

sample 30K captions from the MSCOCO2014 (Lin 497

et al., 2014) validation set. For multilingual evalu- 498

ation, we follow the process outlined in Synthetic 499

Evaluation datasets–section 4.3 and generate par- 500

allel captions in 9 new languages 7. We evaluate 501

performance using FID (Heusel et al., 2017) and 502

Inception Score (IS) (Salimans et al., 2016). 503

Results and Analysis. Table 4 shows FLUX × 504

M-MPNET achieves high Inception score of 31.81 505

(averaged over all languages) including English 506

(35.9±0.57), surpassing trained models such as 507

Latent Diffusion Model (LDM) (Rombach et al., 508

2021) (30.29±0.42), CogView (Ding et al., 2021) 509

(18.2), and LAFITE (Zhou et al., 2022) (26.02). 510

Both, FLUX-CLIP and FLUX × M-MPNET show 511

a poor FID score of 40.9 and 43.4 (averaged over all 512

languages) respectively, while FLUX and FLUX- 513

T5 have a significantly better and same FID score 514

of 23.4. The same lower FID between FLUX and 515

FLUX-T5 indicates that the FLUX model relies 516

heavily on T5-token representations, and can gen- 517

erate high-quality images without any signals from 518

the CLIP encoder. Since our method is not using 519

the FLUX model as intended (with both CLIP and 520

T5 encoder), FLUX × M-MPNET generated im- 521

ages have suboptimal quality and are less faithful 522

to the conditioned multilingual text (e.g. missing 523

objects due to lost signal from T5 encoder). 524

7fr, el, he, id, ko, fa, ru, es, hi. We use IndicTrans2 for hi,
and AYA-24-35B for remaining languages.
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(a) Ours (hi) (b) Ours (fr) (c) Ours (hi) (d) Ours (fr) (e) Ours (hi) (f) Ours (fr)

(g) Ours (ru) (h) Ours (fa) (i) Ours (ru) (j) Ours (fa) (k) Ours (ru) (l) Ours (fa)

“A green-themed photo of: ” “A cartoon photo of: ” “A Van Gogh-style photo of: ”

Figure 3: Images generated from multilingual translations of input prompt: “The city bus is traveling down the road”
using FLUX × M-MPNET model, with theme prompts in T5 encoder to enhance image quality and style.

Models
Inception Score (↑)

en fr el he id ko fa ru es hi

FLUX 42.3±0.81 - - - - - - - - -
FLUX-T5 42.1±0.64 - - - - - - - - -
FLUX-CLIP 33.4±0.57 - - - - - - - - -
FLUX × M-MPNET 35.9±0.57 32.7±0.80 29.9±0.66 29.9±0.45 34.3±0.76 30.2±0.51 32.5±0.74 28.6±0.63 32.8±0.50 31.3±0.46

Table 4: Inception score for MSCOCO-30K on 512×512 images (10 inference steps; guidance scale = 3.5).

Despite this limitation, our qualitative analysis525

reveals diverse high-quality, slightly low-fidelity526

cross-lingual image generations shown in Figure 2.527

For FLUX-CLIP and FLUX × M-MPNET, we also528

notice hallucinated images–generated images that529

are unrelated to the given text but remain coherent530

and well-formed, potentially misaligned. These531

images are neither random noise nor contain mis-532

placed/distorted object features. We suspect signal533

loss from the T5 encoder due to generic prompt534

input may lead to these hallucinations, potentially535

resulting in higher FID scores compared to FLUX536

and FLUX-T5. To alleviate these issues, we can537

simply add missing objects, style, theme, etc. in the538

prompt to T5 encoder, as shown in Figure 3. Please539

refer to Appendix I for more details, examples, and540

language-wise FID scores.541

5 Conclusion542

In this work, we introduced M2M —an efficient543

alignment method that transforms multilingual la-544

tent space into multimodal latent space using only545

a few linear layers and English text data. Unlike ex-546

isting methods that require extensive multilingual547

and multimodal datasets, our approach significantly548

reduces resource requirements while maintaining 549

robust performance across diverse tasks and modal- 550

ities. Our method demonstrates consistent general- 551

ization across training strategies, datasets, modali- 552

ties, and tasks, achieving a 95.3% Recall@10 for 553

English and a strong zero-shot multilingual perfor- 554

mance with an average Recall@10 of 89.2% across 555

11 languages on XTD-T2I retrieval. Through both 556

qualitative and quantitative analysis, we show our 557

method’s effectiveness for Image-Text & Audio- 558

Text retrieval, and Text-to-Image generation. To 559

facilitate future research, we release our synthetic 560

evaluation datasets: AudioCaps & Clotho in 33 561

new languages and MSCOCO 30K captions in 9 562

new languages, providing a unified framework for 563

benchmarking multilingual performance on mul- 564

timodal tasks. While these results are promis- 565

ing, there remains room for improvement, particu- 566

larly in exploring token-level alignment. We hope 567

our work encourages approaches that leverage im- 568

plicit alignment between languages and modalities, 569

rather than relying solely on additional data to en- 570

hance performance on multimodal tasks. 571
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Limitations572

Need for local alignment. While our method573

performs well compared to trained multilingual574

multimodal models in global-representation575

(sentence) space, we need to develop alignment576

at the local-representation (token) level. Tasks577

like Text-to-Image Generation and cross-lingual578

skill transfer would benefit significantly from579

fine-grained signals alongside high-level semantics.580

Our current method does not support local581

alignment, and we present this as an opportunity582

for future research.583

584

Joint Cross-modal Representations. Our585

work effectively aligns multilingual and multi-586

modal representations from dual encoder models,587

where each modality is encoded individually. Joint588

cross-modal encoders generate representations589

by combining multiple modality representations590

through shared architectural components. The591

effectiveness of our method for joint cross-modal592

representations remains to be explored.593

594

Lack of Human-verified multilingual-595

multimodal evaluation set. Finding high-quality596

standard multilingual evaluation sets for Audio-597

Text retrieval and Text-to-Image Generation598

tasks is challenging. To address this, we curated599

synthetic parallel evaluation data for AudioCaps600

(160K samples), Clotho (172K samples), and601

MSCOCO-30K (270K samples). Due to the602

large scale of the data, human verification of the603

translated captions was not feasible for us. While604

we use objective metrics like spBLEU and chrF++605

to ensure dataset quality, these measures alone606

are not sufficient, and without human verification,607

some errors may persist in the evaluation dataset.608
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A Potential Risks947

There has been investigation of various biases (gen-948

der, race, etc.) for multimodal models primarily949

in English language. Our method extends the ca-950

pability of multimodal models to many languages951

including low resource languages. However, there952

have been very few works to detect and mitigate 953

biases for these languages. Additionally, since we 954

use English language as anchor it is possible that 955

the biases present in English multimodal model can 956

manifest in the resulting multilingual multimodal 957

model. 958

B Model & Data License 959

All models that are taken from sentence- 960

transformers8 library (Multilingual CLIP (MCLIP- 961

ST), Multilingual MPNET (M-MPNET), Multilin- 962

gual MiniLM (M-MiniLM)), LaBSE, KakaoBrain- 963

ALIGN, Jina-CLIP-v1, and LAION-CLAP (CLAP- 964

General, CLAP-HTSAT-Fused) are under Apache 965

License 2.0. For model FLUX.1-dev, generated 966

outputs can be used for personal, scientific, and 967

commercial purposes as described in the FLUX.1 968

[dev] Non-Commercial License. Multilingual 969

CLIP (Carlsson et al., 2022), OpenAI-CLIP, and 970

IndicTrans2 are under MIT License. Jina-CLIP- 971

v2, Jina-embeddings-v3, AYA-23-35B are under 972

CC-by-NC-4.0. Use of any combination of the 973

models aligned using our method must adhere to 974

the license of all individual models. 975

We release our extended datasets in new 976

languages for AudioCaps, Clotho, and 977

MSCOCO2014-30K under CC-By-NC-4.0 978

License, adhering to source dataset licenses and 979

models used to generate data (AudioCaps- MIT 980

License, Clotho- Tampere University License 981

(non-commercial with attribution), MSCOCO- 982

CC-By-4.0). 983

C List supported languages for 984

multilingual and/or multimodal models 985

Different multilingual text encoder and multilin- 986

gual CLIP models support different languages. For 987

fairer comparison, we also report metrics averaged 988

on model-supported languages (e.g. Table 3 and 989

Table 11). Table 5 shows a list of models and their 990

supported languages. 991

D Preliminary experiments on 992

Text-to-Image Retrieval 993

Table 6 shows our method outperforms all other 994

training objectives on Text-to-Image retrieval for 995

XTD dataset. The impact of high λ is less signifi- 996

cant for Text-to-Image retrieval (equal performance 997

8https://www.sbert.net/
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Models Supported languages

LaBSE (Feng et al., 2020) af, ht, pt, am, hu, ro, ar, hy, ru, as, id, rw, az, ig, si, be, is, sk, bg, it,
sl, bn, ja, sm, bo, jv, sn, bs, ka, so, ca, kk, sq, ceb, km, sr, co, kn, st,
cs, ko, su, cy, ku, sv, da, ky, sw, de, la, ta, el, lb, te, en, lo, tg, eo, lt,
th, es, lv, tk, et, mg, tl, eu, mi, tr, fa, mk, tt, fi, ml, ug, fr, mn, uk, fy,
mr, ur, ga, ms, uz, gd, mt, vi, gl, my, wo, gu, ne, xh, ha, nl, yi, haw,
no, yo, he, ny, zh, hi, or, zu, hmn, pa, hr, pl

Jina-CLIP-v2 (Koukounas et al., 2024b), Jina-Text-v3 (Sturua et al., 2024) ar, bn, zh, da, nl, en, fi, fr, ka, de, el, hi, id, it, ja, ko, lv, no, pl, pt,
ro, ru, sk, es, sv, th, tr, uk, ur, vi

Multilingual CLIP (Carlsson et al., 2022)- LaBSE ViT-L/14, XLM-R-
Large ViT-B/32, XLM-R ViT-L/14, XLM-R-Large ViT-B/16+

af, am, ar, az, bg, bn, bs, ca, cs, cy, da, de, el, en, es, et, fa, fa-AF, fi,
fr, gu, ha, he, hi, hr, ht, hu, hy, id, is, it, ja, ka, kk, kn, ko, lt, lv, mk,
ml, mn, ms, mt, nl, no, pl, ps, pt, ro, ru, si, sk, sl, so, sq, sr, sv, sw,
ta, te, th, tl, tr, uk, ur, uz, vi, zh, zh-TW

M-MPNET, M-MiniLM, MCLIP-ST (Reimers and Gurevych, 2020) ar, bg, ca, cs, da, de, el, en, es, et, fa, fi, fr, fr-ca, gl, gu, he, hi, hr,
hu, hy, id, it, ja, ka, ko, ku, lt, lv, mk, mn, mr, ms, my, nb, nl, pl, pt,
pt-br, ro, ru, sk, sl, sq, sr, sv, th, tr, uk, ur, vi, zh-cn, zh-tw, zh

Table 5: List of Multilingual text encoder and multilingual multimodal models and it’s supported languages.

for λ = 1 and λ = 44) than in Image-to-Text re-998

trieval (0.6% gain in Avg. Recall@10) shown in999

Table 2.1000

E Data scaling experiments1001

Table 8 and 7 show that that our method can learn1002

a strong alignment even with only 1000 English1003

sentences for both I2T and T2I retrieval on XTD1004

dataset. On average across 11 languages, there1005

is insignificant improvement when data is scaled1006

from 50K (89.2% T2I, 89.1% I2T) to 2M sentences1007

(89.3% T2I, 89.5% I2T).1008

F Image-Text Retrieval: Additional1009

Results1010

F.1 Language-wise Recall on XM3600 &1011

Multi30K1012

Tables 9, 10 show language-wise performance1013

of our M2M-aligned models on XM3600 and1014

Multi30K datasets respectively. Interestingly, CLIP1015

× M-MPNET outperforms Jina-CLIP-v1 × M-1016

MPNET by 3.7% I2T and 0.5% T2I on Multi30K1017

dataset. Please refer to Table 13 for XTD I2T1018

language-wise breakdown.1019

F.2 Results on model-supported languages1020

Similar to our results for Image-Text retrieval in1021

Table 1, in Table 11, we report Recall@10 met-1022

ric averaged only on languages supported by the1023

respective multilingual text encoder/mutlilingual1024

CLIPs. Supported languages for each model is1025

listed in Table 5.1026

F.3 Reproducibility experiments1027

To show that our method’s performance is repro-1028

ducible. We run experiments twice on our method1029

for Image-Text retrieval task, and report mean and 1030

standard deviation in Tables 12, 13 to show that the 1031

performance is stable across varying random seeds. 1032

Rows M1-M6 are defined in Table 1. 1033

G Curation of Synthetic evaluation 1034

dataset 1035

For AYA-23-35B, we use translation prompts to 1036

generate synthetic data following (Alam et al., 1037

2024). We experiment with zero-shot and 3-shot 1038

prompts. We use FLoRes-200 dataset to assess the 1039

quality of translation prompts. Zero-shot prompt 1040

is fairly straightforward method- we pass the input 1041

sentence and prompt the model to generate transla- 1042

tion in target language. For 3-shot prompt, for each 1043

input english text for which translation has to be 1044

generated, we pick 3 examples. These 3 examples 1045

are picked from sampling set- created by combin- 1046

ing FLoRes-200 validation and test set (excluding 1047

current input text). We compute cosine similarity 1048

between input text and sampling set using LaBSE, 1049

and select top 3 texts and it’s corresponding trans- 1050

lation of the target language as a few-shot example. 1051

The zero-shot translation prompt performs better on 1052

the FLoReS-200 dataset (Costa-jussà et al., 2022) 1053

across 14 languages9, achieving a mean spBLEU of 1054

39.7 and mean chrF++ of 51.5, compared to the 3- 1055

shot prompt with mean spBLEU of 37.2 and mean 1056

chrF++ of 47.4. Given these results, we apply the 1057

zero-shot prompt to generate Aya-23-35B transla- 1058

tions for all 22 languages. Language-wise spBLEU 1059

and chrF++ scores for AYA-23-35B are shown in 1060

Table 16, and for backtranslated Indic translations 1061

are shown in Table 17. Zero-shot prompt and 3- 1062

9ar, zho-Hant, fr, de, he, hi, it, jp, ko, pl, ru, es, tr, vi

13



Loss MLP layers Skip Conn. Avg. de en es fr it jp ko pl ru tr zh

MSE 2 No 88.9 89.9 94.3 90.5 90.1 90.5 82.2 85.3 90.6 86.1 89.0 89.7
MSE 2 Yes 88.8 89.7 94.1 90.4 90.0 90.9 81.9 85.2 90.1 86.1 88.9 89.2
λ1 ·Lalign + β1 ·Lstr 2 No 89.2 90.9 94.4 91.1 89.5 90.8 82.4 85.4 90.6 87.1 88.9 90.1
λ1 ·Lalign + β1 ·Lstr 2 Yes 89.2 90.5 94.5 91.4 89.9 91.1 82.3 85.9 90.8 86.5 88.1 90.1
λ1 ·Lalign + β1 ·Lstr 4 No 89.1 89.9 94.4 90.8 89.9 91.0 82.4 85.6 90.8 86.7 88.5 90.1
λ1 ·Lalign + β1 ·Lstr 1 No 89.2 90.4 94.4 90.9 90.3 91.1 82.4 85.5 91.0 86.7 88.9 90.0
λ2 ·Lalign + β1 ·Lstr 2 No 89.2 90.4 94.4 90.4 90.5 91.3 82.4 85.7 91.6 86.4 88.8 89.2
Similarity Loss 2 No 88.9 90.3 94.4 90.2 90.0 90.4 82.1 85.4 90.6 86.5 88.8 89.3
L1 2 No 86.2 87.2 94.0 88.1 87.4 87.6 78.8 81.0 86.7 83.3 85.9 88.3

Table 6: Comparison of Recall@10 metric across different training losses, and settings- varying number of linear
layers, presence or absence of residual connections (Skip Conn.) between linear layers for M2M-aligned Jina-CLIP-
v1×M-MPNET on XTD dataset for Text-to-Image retrieval task. λ1 = 44, λ2 = 1, β1 = 1.

Scale Avg. de en es fr it jp ko pl ru tr zh

1K 85.8 86.0 92.3 86.3 86.9 86.6 80.3 81.9 88.2 82.8 85.8 86.9
5K 88.5 89.7 93.7 90.2 89.0 90.4 82.5 84.6 90.1 85.2 88.8 89.4
10K 88.8 89.4 94.3 90.3 89.1 91.0 82.1 85.7 90.8 85.4 88.3 89.9
50K 89.2 90.6 94.3 90.9 89.7 91.0 82.3 86.0 91.0 86.4 88.9 89.9
100K 89.0 89.7 94.7 90.8 90.0 91.2 81.9 85.6 90.7 85.8 88.9 89.6
250K 89.2 90.9 94.4 91.1 89.5 90.8 82.4 85.4 90.6 87.1 88.9 90.1
2M 89.3 90.5 94.8 90.5 90.0 91.1 82.6 86.1 91.0 86.4 89.2 90.5

Table 7: Effect of scaling number of sentences in the training data on the Recall@10 metric for the XTD Text-to-
Image Retrieval task using our M2M-aligned Jina-CLIP-v1 × M-MPNET model.

Scale Avg. de en es fr it jp ko pl ru tr zh

1K 84.6 85.4 91.2 85.7 85.0 85.4 78.0 80.3 86.4 81.6 85.4 86.3
5K 88.2 88.4 95.2 89.8 88.7 89.3 81.5 83.5 90.1 85.6 88.7 89.0
10K 88.8 88.9 95.6 90.5 89.0 90.5 81.6 84.5 90.9 86.3 90.0 89.5
50K 89.1 89.1 95.1 90.7 89.4 90.5 81.8 85.4 90.9 86.7 90.1 90.4
100K 89.0 89.3 95.2 90.7 89.4 90.1 82.2 84.9 90.9 86.5 90.0 90.3
250K 89.3 89.4 95.6 90.7 89.3 90.6 82.3 85.2 91.5 86.5 90.4 90.4
2M 89.5 89.3 95.5 91.6 89.5 91.1 83.3 85.9 90.8 87.3 90.1 90.4

Table 8: Effect of scaling number of sentences in the training data on the Recall@10 metric for the XTD Image-to-
Text Retrieval task using our M2M-aligned Jina-CLIP-v1 × M-MPNET model.

Retrieval Type Avg ar bn cs da de el en es fa fi fil

T2I 66.4 68.6 31.3 73.2 79.6 81.4 67.4 79.9 75.8 76.2 77.5 10.0
I2T 72.9 77.2 36.3 80.0 86.2 88.1 76.3 85.1 82.3 81.9 84.7 18.0

Retrieval Type fr he hi hr hu id it ja ko mi nl no

T2I 81.5 75.1 60.2 79.3 77.7 85.5 79.3 78.7 72.4 0.7 74.9 79.2
I2T 87.9 83.0 70.6 86.7 83.7 89.9 85.3 85.1 80.9 1.1 80.2 86.2

Retrieval Type pl pt quz ro ru sv sw te th tr uk vi zh

T2I 76.5 77.3 2.7 80.0 82.3 78.2 4.5 29.1 79.1 74.7 76.5 81.8 80.9
I2T 83.3 83.4 6.4 87.6 88.4 85.0 9.3 38.8 85.6 81.5 83.7 88.9 86.9

Table 9: Recall@10 across 36 languages for XM3600 on I2T and T2I retrieval task using M2M-aligned Jina-CLIP-
v1 × M-MPNET.

14



Model
T2I I2T

Avg cs de en fr Avg cs de en fr

Jina-CLIP-v1 × M-MPNET 90.1 88.2 89.6 92.4 90.3 89.7 87.3 89.4 92.0 90.1
CLIP × M-MPNET 90.6 88.4 89.0 93.4 91.4 92.0 89.8 91.2 94.9 92.3

Table 10: Recall@10 across 4 languages for Multi30K on I2T and T2I retrieval task using M2M-aligned Jina-CLIP-
v1 × M-MPNET.

Models
XM3600 Multi30K

T2I I2T T2I I2T

English-only Zero-shot Baseline Models

E1: CLIP (ViT-L 336px) 77.3 87.1 93.5 95.8
E2: Jina-CLIP-v1 85.7 91.8 93.5 93.6
E3: K-ALIGN 87.0 92.0 95.9 95.8

Multilingual Multimodal Models Trained on
Supervised Multimodal and/or Multilingual Data

T2: MCLIP-ST 57.6 71.1 80.7 83.4
T5: LABSE ViT-L/14 77.0 87.5 90.9 93.7
T6: XLM-R-L ViT-B/32 79.6 89.0 89.2 91.0
T7: XLM-R ViT-L/14 80.9 89.6 92.2 94.4
T8: XLM-R-L ViT-B/16+ 86.5 91.9 93.9 94.2
T9: Jina-CLIP-v2 90.1 93.9 94.3 94.5

M2M-aligned Multilingual Multimodal models
Trained on only English Text data

M1: Jina-CLIP-v1 × LaBSE 64.8 67.6 78.7 75.2
M2: Jina-CLIP-v1 × M-MiniLM 68.6 75.5 87.8 85.7
M3: Jina-CLIP-v1 × JinaTextV3 75.1 80.2 89.0 88.3
M4: Jina-CLIP-v1 × M-MPNET 76.9 83.8 90.0 89.7
M5: CLIP × M-MPNET 64.6 77.1 90.6 92.0
M6: K-ALIGN × M-MPNET 68.7 78.7 90.4 90.0

Table 11: Performance of M2M-align models in comparison with English and Mutlingual CLIP-like models on
Recall@10 metric for supported languages for XM3600 and Multi30K datasets.

Models Avg. de en es fr it jp ko pl ru tr zh

M1 82.6±0.3 82.8±0.4 86.7±0.4 83.8±0.1 84.6±0.2 84.7±0.2 76.5±0.4 80.5±0.6 84.8±0.4 80.2±0.2 81.1±0.6 83.3±0.4
M2 86.5±0.0 87.4±0.1 93.9±0.3 88.5±0.4 87.9±0.1 87.4±0.1 80.7±0.1 75.0±0.2 89.2±0.1 84.9±0.1 86.0±0.3 90.6±0.6
M3 88.0±0.2 91.0±0.0 95.4±0.1 90.1±0.8 90.5±0.6 91.2±0.1 80.0±0.6 80.3±0.3 90.2±0.1 85.9±0.4 87.8±0.6 85.2±0.4
M4 89.2±0.0 90.7±0.4 94.5±0.1 90.9±0.4 89.9±0.6 90.9±0.1 82.2±0.4 85.8±0.5 90.9±0.4 86.7±0.6 88.8±0.2 90.1±0.0
M5 84.3±0.1 85.1±0.4 91.1±0.1 85.8±0.2 85.4±0.4 86.1±0.4 77.9±0.1 80.4±0.4 84.8±0.1 81.7±0.1 84.7±0.2 84.2±0.4
M6 86.8±0.0 87.3±0.4 92.9±0.2 89.7±0.1 87.9±0.1 88.4±0.1 79.0±0.4 83.1±0.1 88.7±0.1 83.3±0.1 86.9±0.1 87.7±0.2

Table 12: Performance of M2M-aligned Jina-CLIP-v1 × M-MPNET on Recall@10 metrics averaged (± standard
deviation) over 2 different runs across 11 languages for Text-to-Image retrieval task on XTD dataset.

Models Avg. de en es fr it jp ko pl ru tr zh

M1 80.1±0.0 79.6±0.3 87.3±0.0 81.0±0.1 81.8±0.1 83.3±0.3 72.1±0.1 75.8±0.5 82.7±0.0 77.6±0.3 79.5±0.1 80.7±0.4
M2 84.9±0.1 85.1±0.1 94.0±0.2 86.2±0.3 85.7±0.1 86.9±0.4 79.7±0.1 69.9±0.9 88.2±0.1 84.0±0.1 85.6±0.2 88.7±0.3
M3 87.6±0.1 90.6±0.0 94.7±0.1 90.2±0.2 89.5±0.1 90.2±0.2 79.9±0.5 80.4±0.1 88.1±0.1 84.9±0.4 87.3±0.2 87.3±0.3
M4 89.3±0.0 89.3±0.1 95.8±0.2 90.8±0.1 89.5±0.2 90.6±0.0 82.6±0.4 85.4±0.2 91.4±0.2 86.4±0.1 90.2±0.4 90.5±0.1
M5 85.8±0.1 85.9±0.2 93.8±0.1 89.0±0.0 87.2±0.5 88.7±0.4 76.8±0.1 82.0±0.4 86.8±0.1 82.6±0.1 85.3±0.1 86.4±0.1
M6 86.1±0.1 86.3±0.3 94.6±0.5 88.3±0.4 87.6±0.3 89.0±0.1 78.1±0.1 82.2±0.1 85.9±0.2 82.3±0.5 84.8±0.3 87.3±0.0

Table 13: Performance of M2M-aligned Jina-CLIP-v1 × M-MPNET on Recall@10 metrics averaged (± standard
deviation) over 2 different runs across 11 languages for Image-to-Text retrieval task on XTD dataset.
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shot prompt templates are listed in Table 14 and 15.1063

You are an expert in translations. Your task
is to accurately translate the following text
into [target language].
Input text: [input test sentence]
Translation:

Table 14: Zero-shot prompt used generating translation
from AYA-23-35B. Text in square bracket is a place-
holder for actual input

You are an expert in translations. Your task
is to accurately translate the following text
into [target language].

Here are a few examples to help you
understand the format:

Example 1:
Input text: [input text 1]
Translation: [translation 1]

Example 2:
Input text: [input text 2]
Translation: [translation 2]

Example 3:
Input text: [input text 3]
Translation: [translation 3]

Now, translate the following text:

Input text: [input test sentence]
Translation:

Table 15: 3-shot prompt template used to compare effect
of few-shots on translation quality for AYA-23-35B.
Text in square bracket is a placeholder for actual input.

1064

H CLAP1065

H.1 Language-wise Recall on Synthetic1066

Evaluation Dataset.1067

We show language-wise performance of M2M-1068

aligned CLAP-general × M-MPNET on Audio-1069

Caps in Table 18 and Clotho in Table 19.1070

H.2 Quantifying the qualitative analysis and 1071

more examples 1072

We see in Table 3 that M2M-aligned models don’t 1073

match the performance of baseline CLAP mod- 1074

els. For English, qualitative analysis revealed that 1075

the retrieved audio for a query text had high se- 1076

mantic similarity. To verify our qualitative analy- 1077

sis, we perform following quantitative test. For 1078

each query text, we retrieve top five audios us- 1079

ing M2M-aligned model CLAP-General × M- 1080

MPNET. Next, we compute cosine similarity be- 1081

tween query text and captions of retrieved audio 1082

using CLAP-general model. On average, we see 1083

higher cosine similarity for CLAP-general × M- 1084

MPNET (0.7) compared to CLAP-general (0.65), 1085

demonstrating semantic agreement between CLAP- 1086

general and retrieved audio. More examples are 1087

listed in Table 20. 1088

I Cross-lingual Text-to-Image 1089

Generation. 1090

Both Inception score and FID scores are computed 1091

using torch-fidelity (Obukhov et al., 2020) pack- 1092

age 10. Language-wise FID scores shown in Ta- 1093

ble 21. For English, our aligned model gives bet- 1094

ter FID score than FLUX-CLIP though both are 1095

still high compared to FLUX (upper-bound/skyline 1096

model). More examples of generated images are 1097

shown in Figure 4, Figure 5 & Figure 6. 1098

10https://github.com/toshas/torch-fidelity
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Prompts Avg. ar zh fr de he hi it jp ko pl ru es tr vi

spBLEU

3-shot prompt 37.2 46.7 20.6 67.3 50.0 37.2 8.9 64.8 25.4 16.7 22.6 56.5 47.5 36.0 19.9
zero-shot prompt 39.7 21.6 21.3 69.2 56.2 55.6 28.2 54.2 28.6 17.0 33.7 51.6 51.9 29.1 37.4

chrF++

3-shot prompt 47.4 36.5 31.4 63.0 55.8 71.8 18.6 80.3 29.4 17.7 39.0 61.1 55.2 60.0 44.0
zero-shot prompt 51.5 29.0 26.3 64.5 58.6 77.6 49.0 78.0 31.4 22.3 41.0 58.5 57.8 63.8 62.7

Table 16: spBLEU and chrF++ scores for zero-shot and 3-shot prompts for FLoRes-200 using AYA-23-35B model.
zh in the table denotes Chinese Traditional (zh-Hant).

Test-Dataset Avg. bn gu hi kn ml mr ne pa ta te ur

spBLEU

AudioCaps 48.7 38.3 24.3 39.3 56.2 79.5 19.1 33.0 53.1 64.3 100.0 28.1
CLOTHO 47.4 46.3 51.4 51.4 31.5 28.7 67.9 51.4 48.1 51.4 43.3 50.4

chrF++

AudioCaps 63.6 60.6 54.0 58.6 73.0 74.2 37.7 46.9 82.1 61.5 100.0 51.5
CLOTHO 59.6 43.8 64.0 65.9 46.0 52.4 68.0 60.5 65.3 65.9 58.2 65.2

Table 17: spBLEU and chrF++ scores on English backtranslations of AudioCaps and Clotho dataset using Indic-
Trans2 models.

Retrieval Type Avg ar bn cs de el en fr gu he hi id it

T2A 48.3 45.7 23.2 57.4 58.2 55.2 77.2 60.5 38 48.5 52.6 58.6 57.9
A2T 60.8 61 35.2 65.8 68.8 68.9 81.5 69.5 53.1 61.8 63.2 68.3 67.3

Retrieval Type ja kn ko ml mr nl ne pa fa pl pt ro ru

T2A 50.2 23.7 48.1 26.2 46.4 61 33.9 22.4 54.6 52 61.1 58.4 49.6
A2T 66.7 38.2 63.1 43.2 61.9 69.9 47.4 34.8 69.6 65.9 70.5 68 64.8

Retrieval Type es ta te tr uk ur vi zh (hans) zh (hant)

T2A 59.5 29.4 25.4 56.3 46.1 44.4 56.4 53.1 50.8
A2T 67.5 42.9 38.7 63.8 62.1 57.3 67.2 69.7 67.9

Table 18: Recall@10 metric across 34 languages on AudioCaps dataset for Audio-to-Text (A2T) and Text-to-Audio
(T2A) retrieval task using M2M-aligned CLAP-general × M-MPNET model.

Retrieval Type Avg ar bn cs de el en fr gu he hi id it

T2A 33.3 34.3 18.8 37.5 37.7 35.9 47.8 40.4 25.9 34.1 36.8 39.8 38.2
A2T 39.6 42 24.1 41.5 43.2 41.2 50.6 44.6 34.8 38.9 42.5 44.8 44.1

Retrieval Type ja kn ko ml mr nl ne pa fa pl pt ro ru

T2A 38.6 17.2 35 20.8 29.3 38.7 23.9 17.9 37 36.6 39.4 38.3 35.5
A2T 45.5 25.6 42.8 27.7 36.9 44.8 31 24.9 43.5 42.4 44.3 43.4 44.7

Retrieval Type es ta te tr uk ur vi zh (hans) zh (hant)

T2A 39.7 20.9 17.8 36.5 33.7 31.3 39 40 39.8
A2T 45.6 27.9 24.6 42.7 42 37.5 45 45.3 44.9

Table 19: Recall@10 metric across 34 languages on Clotho dataset for Audio-to-Text (A2T) and Text-to-Audio
(T2A) retrieval task using M2M-aligned CLAP-general × M-MPNET model.
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Captions of Retrieved Audios
Query Text Rank 1 Rank 2 Rank 3 Ground Truth (Rank 9)

Water flows and
people speak in the
distance

Water splashing
with multiple voices
in background

Water is trickling,
and a man talks

A river stream flow-
ing followed by a
kid talking

Running water and distant
speech

A man shouting as
a stream of water
splashes and a crowd
of people talk in the
background

Splashing water and
quiet murmuring

A large volume of
water is rushing,
splashing and gur-
gling, and an adult
male speaks briefly

A stream of water rushing
as a man shouts in the dis-
tance

A plastic clack fol-
lowed by a man talk-
ing as a stream of
water rushes and a
crowd of people talk
in the background

Bubbles gurgling
and water spraying
as a man speaks
softly while crowd
of people talk in the
background

A stream of water
rushing and trickling
followed by a young
man whooshing

Water rushing loudly
while a man yells in the
background

Water splashes and a
man speaks

Water trickling and
faint, muffled speech

Sounds of a river
with man briefly
mumbling

A large volume of water
is rushing fast, splashing
and roaring, and an adult
male shout in the back-
ground

Water is falling,
splashing and gur-
gling, a crowd of
people talk in the
background, and an
adult male speaks in
the foreground

Water spraying and
gurgling as a man
speaks and a crowd
of people talk in the
background

A stream burbles
while a man speaks

Water flows and people
speak in the distance

Query Text Rank 1 Rank 2 Rank 3 Ground Truth (Rank 10)

A frog croaks with
speech and
thumping noises in
the background

Frogs croaking
together with a man
speaking followed
by rustling

Frogs croaking and
a humming with in-
sects vocalizing

Frogs croaking with
rustling in the back-
ground

Nature sounds with a frog
croaking

A man talking
followed by plastic
clunking and rattling
as frogs croak and
crickets chirp

A frog croaking and
insects vocalizing
with a humming

Two instances of
bird wings flapping
while frogs are
croaking

A frog chirping as a
woman talks over an inter-
com and water splashes in
the background followed
by wood falling on a hard
surface

A man talking
followed by plastic
creaking and clack-
ing as frogs croak
and crickets chirp

A croaking frog with
brief bird chirps

A group of frogs
croaking as plastic
flutters in the back-
ground

A frog chirping with dis-
tant speaking of a person

Several frogs chirp-
ing near and far with
men speaking and
some banging

Crickets chirping
very loudly

Frogs chirp loudly A frog croaking as a
woman talks through an
intercom while water
is splashing and wood
clanks in the background

A man speaking
as frogs croak and
crickets chirp while
a motorboat engine
runs alongside sev-
eral plastic clacks
and clanging

Ambient horror
music plays as birds
chirp and frogs
croak

High pitched croak-
ing of frogs with
some rustling

A frog croaks with speech
and thumping noises in
the background

Table 20: Captions of Audio retrieved for a Query text (Text-to-Audio retrieval task) using M2M-aligned CLAP-
General × M-MPNET

18



Models
FID-30K (↓)

en fr el he id ko fa ru es hi

FLUX 23.4 - - - - - - - - -
FLUX-T5 23.4 - - - - - - - - -
FLUX-CLIP 40.9 - - - - - - - - -
FLUX × M-MPNET 36.9 41.8 46.6 46.9 40.0 45.4 43.0 47.2 41.1 45.1

Table 21: FID scores computed on our MSCOCO 30K synthetic multilingual evaluation dataset.

(a) FLUX (en) (b) Ours (en) (c) Ours (el) (d) Ours (fa) (e) Ours (fr) (f) Ours (he)

(g) FLUX CLIP (en) (h) Ours (ru) (i) Ours (hi) (j) Ours (id) (k) Ours (ko) (l) Ours (es)

Figure 4: Images generated by FLUX text-to-image model using the prompt “a snow caped mountain is behind a
large lake” in multiple languages. Our M2M-aligned model produces similar quality images compared to baseline
FLUX (both T5 and CLIP encoders), and FLUX-CLIP models.

(a) FLUX (en) (b) Ours (en) (c) Ours (el) (d) Ours (fa) (e) Ours (fr) (f) Ours (he)

(g) FLUX CLIP (en) (h) Ours (ru) (i) Ours (hi) (j) Ours (id) (k) Ours (ko) (l) Ours (es)

Figure 5: Images generated by FLUX text-to-image model using the prompt “Assortment of colorful flowers in
glass vase on table.” in multiple languages. Our M2M-aligned model produces similar quality images compared to
baseline FLUX (both T5 and CLIP encoders), and FLUX-CLIP models.
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(1) T5 prompt: “A photo of: ”

FLUX (en) Ours (en) Ours (el) Ours (fa) Ours (fr) Ours (he)

FLUX CLIP (en) Ours (ru) Ours (hi) Ours (id) Ours (ko) Ours (es)

(2) T5 prompt: “add a book: ”

FLUX-T5 (en) Ours (en) Ours (el) Ours (fa) Ours (fr) Ours (he)

FLUX CLIP (en) Ours (ru) Ours (hi) Ours (id) Ours (ko) Ours (es)

(3) T5 prompt: “add a book on bed: ”

FLUX-T5 (en) Ours (en) Ours (el) Ours (fa) Ours (fr) Ours (he)

FLUX CLIP (en) Ours (ru) Ours (hi) Ours (id) Ours (ko) Ours (es)

Figure 6: Images generated by FLUX models using the prompt “A cat sitting on a bed behind a book” in multiple
languages. Our M2M-aligned model produces similar images but with missing objects (book, bed) compared to
FLUX models (T5 and CLIP encoders). T5 prompts help mitigate this issue, as shown in sub-figures (2) & (3).
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